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We prove a law of large numbers for the loss from default and use it for approximating
the distribution of the loss from default in large, potentially heterogeneous portfolios.
The density of the limiting measure is shown to solve a nonlinear stochastic partial
differential equation, and certain moments of the limiting measure are shown to satisfy
an infinite system of stochastic differential equations. The solution to this system leads
to the distribution of the limiting portfolio loss, which we propose as an approximation
to the loss distribution for a large portfolio. Numerical tests illustrate the accuracy of
the approximation, and highlight its computational advantages over a direct Monte
Carlo simulation of the original stochastic system.
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1. INTRODUCTION

Reduced-form point process models of correlated default timing are widely used to
measure portfolio credit risk and to value securities exposed to correlated default risk.
Computing the distribution of the loss from default in these models tends to be diffi-
cult, however, especially in bottom-up formulations with many names. Semi-analytical
transform methods have limited scope. Monte Carlo simulation is much more broadly
applicable but can be slow for the large portfolios and longer time horizons common in
practice.
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This paper develops an approximation to the distribution of the loss from de-
fault in large portfolios that may have a heterogeneous structure. The approximation
is valid for a class of reduced-form models in which a name defaults at a stochastic
intensity that is influenced by an idiosyncratic risk factor process, a systematic risk factor
process X common to all names in the pool, and the portfolio loss rate. It is based on a
law of large numbers for the portfolio loss rate. The limiting portfolio loss is not deter-
ministic but follows a stochastic process driven by X, indicating that the exposure to the
systematic risk cannot be diversified. We show that the density of the limiting measure,
if it exists, satisfies a nonlinear stochastic partial differential equation (SPDE) driven by
X. We develop a numerical method for solving this equation. The method is based on
the observation that certain moments of the limiting measure satisfy an infinite system of
SDEs. These SDEs are driven by the systematic risk factor X; a truncated system can be
solved using a discretization scheme, for example. The solution to the SDE system leads
to the solution to the SPDE through an inverse moment problem. It also leads to the
distribution of the limiting portfolio loss, which we propose as an approximation to the
distribution of the loss from default for a large portfolio. Estimators of portfolio value
at risk and other risk measures are immediate from the limiting loss distribution.

Numerical tests illustrate the accuracy and computational efficiency of the approxima-
tion for large but finite portfolios. We find a substantial reduction in computational effort
over the alternative of direct Monte Carlo simulation of the high-dimensional original
stochastic system. The accuracy of the approximation mainly depends on the portfolio
size N and the sensitivity to the systematic risk factor. For a given sensitivity, the accuracy
increases with N, as expected. The higher the sensitivity to the systematic risk, the higher
the variance of the loss distribution and the more accurate is the approximation for fixed
N. The approximation is remarkably accurate in the tail of the loss distribution. This
renders it particularly suitable for the estimation of risk measures for the large pools of
loans commonly held by banks.

Large portfolio approximations were first studied by Vasicek (1991). In Vasicek’s static
model of a homogeneous pool, firms default independently of one another conditional on
a normally distributed random variable representing a systematic risk factor. Because the
losses from defaults are conditionally i.i.d., the classical law of large numbers ensures the
convergence of the portfolio loss rate to its conditional mean, from which the limiting loss
distribution is immediate. Schloegl and O’Kane (2005) examine alternative distributions
of the systematic factor, and Lucas et al. (2001) and Gordy (2003) study the limiting loss
in a heterogeneous portfolio. Bush et al. (2011) analyze a dynamic extension of Vasicek’s
homogeneous pool model in which the systematic risk factor follows a Brownian motion.
They obtain an SPDE driven by that Brownian motion for the density of the limiting
measure, which they solve using a finite element method. The conditional independence
of defaults can also be exploited to analyze the tail behavior of the losses in large,
not necessarily homogeneous, portfolios using large deviations arguments; see Dembo,
Deuschel, and Duffie (2004) and Glasserman, Kang, and Shahabuddin (2007).

The analysis in this paper differs from that in the aforementioned articles in several
important respects. We study a class of dynamic point process models of correlated
default timing in which a firm defaults at a stochastic intensity process. The intensity
is influenced by an idiosyncratic risk factor process following a square-root diffusion, a
systematic risk factor process following a diffusion with arbitrary coefficient functions,
and the portfolio loss rate. To address the heterogeneity of a portfolio, the intensity
parameters of each name are allowed to be different. The choice for dependence of
the intensity on idiosyncratic and systematic risk factor processes is motivated by the
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empirical findings of Duffie, Saita, and Wang (2006). The choice for dependence of the
intensity on the portfolio loss is motivated by the empirical results of Azizpour, Giesecke,
and Schwenkler (2010), who find that defaults have a statistically significant feedback
effect on the surviving firms. The self-exciting behavior of defaults violates the conditional
independence property that is exploited in the aforementioned articles. It complicates the
asymptotic analysis and induces an integral term in the drift of the SPDE governing the
density of the limiting measure. The exposure to the systematic risk leads to the noise
term in the SPDE, which is given by an It0 integral against the Brownian motion driving
the systematic risk diffusion. The solution to the SPDE governs the distribution of the
limiting loss at all future horizons, facilitating the computation of the “loss surface.”
This dynamic perspective is absent in the static formulations considered in most of the
aforementioned articles.

The law of large numbers (LLN) proved in this paper significantly extends an earlier
result in Giesecke, Spiliopoulos and Sowers (2011), which assumes Ornstein-Uhlenbeck
dynamics for the systematic risk factor and the sensitivity of the intensity to the systematic
risk to vanish in the large-portfolio limit. The LLN developed here allows for general
diffusion dynamics for the systematic risk factor. Moreover, the exposure of an intensity
to this diffusion is not required to vanish, generating a much richer, nondeterministic
limiting behavior governed by an SPDE rather than a PDE. The treatment of these
features requires additional arguments. Our main result (Theorem 3.1) develops the
stochastic evolution equation that the limiting empirical measure satisfies. If the limiting
empirical measure admits a density, then an integration by parts argument shows that the
density satisfies an SPDE. The filtered martingale problem is used to identify the limit
and prove the LLN. A major difficulty in the identification of the limit is the solution of
a coupled system of SDEs, which we address using fixed-point arguments. In contrast to
Giesecke et al. (2011), this system does not easily decouple in the more general setting
considered here. The analysis of the fixed-point arguments is complicated due to the
square-root singularity.

Cvitanic¢, Ma, and Zhang (2011) prove a LLN for a related system, taking an intensity
as a function of an idiosyncratic risk factor, a systematic risk factor, and the portfolio
loss rate. The risk factors follow diffusion processes whose coefficients may depend on
the portfolio loss. In that formulation, the impact of a default on the dynamics of the
surviving firms is permanent. In our work, an intensity depends on the path of the
portfolio loss. Therefore, the impact of a default on the surviving firms may be transient
and fade away with time. There is a recovery effect. Other interacting particle systems with
permanent default impact are analyzed by Dai Pra et al. (2009) and Dai Pra and Tolotti
(2009), who take an intensity as a function of the portfolio loss rate. In a model with local
interaction, Giesecke and Weber (2006) take the intensity of a name as a function of the
state of the names in a specified neighborhood of that name. These papers prove LLNs for
the portfolio loss and develop Gaussian approximations to the portfolio loss distribution
based on central limit theorems. The interacting particle system which we propose and
study includes firm-specific sources of default risk and addresses an additional source of
default clustering, namely the exposure of a firm to a systematic risk factor process. This
exposure generates a random limiting behavior.

There are several other related articles. Davis and Rodriguez (2007) develop large
portfolio approximations based on a law of large numbers and a central limit theorem
in a stochastic network setting, in which firms default independently of one another
conditional on the realization of a systematic factor governed by a finite state Markov
chain. Sircar and Zariphopoulou (2010) examine large portfolio asymptotics for utility
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indifference valuation of securities exposed to the losses in the pool. Our formulation
addresses the dependence of the intensity on a systematic diffusion factor and the
portfolio loss. It allows for self-exciting effects that violate the conditional indepen-
dence assumption. Gaussian and large deviation approximations to the distribution of
portfolio losses for an affine point process system with features similar to those of our, not
necessarily affine, system are provided by Zhanget al. (2011). Their asymptotic analysis is
based on a “large horizon” rather than a “large portfolio” regime considered here and in
the aforementioned articles. The scope of their approximations differs from that of ours.

The rest of the paper is organized as follows. Section 2 describes a class of point process
models of correlated default timing in a pool of names. Section 3 states our main result,
Theorem 3.1, a law of large numbers for the loss rate in the pool. Section 4 provides further
insights into the limiting behavior of the loss for the special case of a homogeneous pool.
Section 5 develops, implements, and tests a moment method for the numerical solution of
the SPDE. Numerical results illustrate the method and demonstrate the accuracy of the
approximation of the portfolio loss by the limiting loss. Section 6 discusses the extension
of our results to more general intensity dynamics. Sections 7 and 8 are devoted to the
proof of Theorem 3.1. Appendices provide auxiliary results.

2. MODEL AND ASSUMPTIONS

We provide a dynamic point process model of correlated default timing in a portfolio of
names. We assume that (€2, 7, P) is an underlying probability space on which all random
variables are defined. Let { W"},cn be a countable collection of independent standard
Brownian motions. Let {e,},en be an 1.i.d. collection of standard exponential random
variables which are independent of the W"’s. Finally, let V' be a standard Brownian
motion which is independent of the W"’s and ¢,’s. Each W” will represent a source of
risk which is idiosyncratic to a specific name. Each e, will represent a normalized default
time for a specific name. The process V” will drive a systematic risk factor process to which
all names are exposed. Define V, = o(V;,0 <s <) VN and F; = o ((V, W),0<s <
t,n € N) Vv N, where NV contains the P-null sets.
Fix Ne N,ne{l,2,..., N} and consider the following system:

2.1)
D" = —an, (N = Ty ) de+ o AN AW+ BS ALY + BS ANdX, 1> 0
A" = Mo
dX, = bo(X,)dt + oo(X)dV, >0
Xo = x,

| /
N_ 1 N
LY = N ;:1 X[en.00) <K_0 Ag ds) .

Here, x is the indicator function. The initial condition x, of X is fixed. The
AN ANais ON.is BY s Biv., AT constant parameters, for each N and n. We discuss their
meaning below. The description of LV is equivalent to a more standard construction. In
particular, define

t
(2.2) N inf{t >0: / AN ds > en} .
s=0
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Then e, 00)(fi_y " ds) = x(ens<, and consequently

N
1
(2.3) LN = v ; Xievo<i)-

The process LV represents the loss rate in a portfolio of N names, assuming a loss
given default of one unit. The process A" represents the intensity, or conditional event
rate, of the nth name in the pool. More precisely, Y- is the density of the Doob—
Meyer compensator to the default indicator x(,x.<; see (3.1). The results in Section 3 of
Giesecke et al. (2011) imply that the system (2.1) has a unique solution such that A N>
forevery Ne N,ne {1,2,...,N} and ¢ > 0. Thus, the model is well posed.

The jump-diffusion intensity model (2.1) is empirically motivated. It addresses several
channels of default clustering. An intensity is driven by an idiosyncratic source of risk
represented by a Brownian motion W”, and a source of systematic risk common to
all firms—the diffusion process X. Movements in X cause correlated changes in firms’
intensities and thus provide a channel for default clustering emphasized by Das et al.
(2007) for corporate defaults in the United States. The sensitivity of A"+ to changes in
X is measured by the parameter By, € R. The second channel for default clustering is
modeled through the feedback (“contagion”) term BS ,dLY. A default causes a jump of
size iN :35/,;7 in the intensity AV, where ﬂg‘n € R, = [0, 00). Due to the mean-reversion
of AN, the impact of a default fades away with time, exponentially with rate ay,, € R,
Azizpour et al. (2010) have found self-exciting effects of this type to be an important
channel for the clustering of defaults in the United States, over and above any clustering
caused by the exposure of firms to systematic risk factors. Giesecke and Schwenkler
(2011) develop and analyze likelihood estimators of the parameters of point process
models such as (2.1).

We allow for a heterogeneous pool; the intensity dynamics of each name can be
different. We capture these different dynamics by defining the “types”

def = N
(24) pN.n = (aN,m )\N.m ON,n» ﬂj(\},nv ,81{/,71);

the p""’s take values in parameter space Pd:efRi x R. To expect regular macroscopic
behavior of LY as N — oo, the p¥"’s and the A, y,’s should have enough regularity as
N — oo. Foreach N € N, define

N N
1 1
PV E Y spve and ANE 376

n=1 n=1

these are elements of Z(P) and £ (R, ) respectively.!

We require three main conditions. These conditions are in force throughout the paper,
even though this may not always be stated explicitly. First, we assume that the types of
(2.4) and the initial distributions (the A, y ,’s) are sufficiently regular.

ConDITION2.1. 7 & limy_oo 7 and A, & limy_oo AY exist (in P(P)and P(R.),
respectively ).

! As usual, if E is a topological space, Z(E) is the collection of Borel probability measures on E.
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We also require that the 7”’s and A"’s all (uniformly in N) have compact support. We
could relax this requirement, at the cost of a much more careful error analysis.

CONDITION 2.2. There is a K > 0 such that the ay.,’s, kn.n’s, O N.n ’s,ﬂf\',.n s, |ﬁ}§,,n| s, and
Aon.n 'S are all bounded by K for all N € N andne {1,2,...,N}.

Regarding the systematic risk process X, we assume

CONDITION 2.3. The functions by and o that govern the systematic risk diffusion X are
such that the corresponding SDE has a unique strong solution. Moreover, there is a function
u(x) such that o o(x)u(x) = —by(x) and for every T > 0 we have

(2.5) ]E[e%m‘”(x‘)‘z‘ls] < 00.

The Novikov condition (2.5) may not be necessary. Lemma 8.2 is the key step for the
proof of a law of large numbers for the loss rate L" in the system (2.1), which is stated
as Theorem 3.1 below. Its proof is based on a fixed point argument and uses Girsanov’s
Theorem; this is where (2.5) is required.’

Our basic formulation significantly extends that of Giesecke et al. (2011). First, we
allow the systematic risk X to follow a general diffusion process with coefficients satisfying
Condition 2.3 rather than a simple Ornstein—Uhlenbeck process. Second, we no longer
require the exposure to the systematic risk, 8 f,.n, to vanish in the limit as N — co. This
implies a richer, nondeterministic limiting behavior. The analysis of this behavior is more
challenging and requires new arguments.

Section 6 discusses further extensions of our basic formulation, including stochastic
position losses and more general intensity dynamics.

3. LAW OF LARGE NUMBERS

We develop a law of large numbers for the portfolio loss rate LY in the system (2.1). To
this end, we need to understand a system which contains a bit more information than
the loss rate L. Foreach N €e Nandn € {1,2,..., N}, define

1
n def ,
3.1) MY Xo.en) ( / AN ds) = X(cMom1)
S

(where 7V is as in (2.2)). In other words, M"" = 1 if and only if the nth name is still
alive at time ; otherwise M. = 0. Thus M™" is nonincreasing and right-continuous. It
is easy to see that

t
MmN +/ AN MmN s
s=0

21f condition (2.5) is required to hold only for some 7' > 0, then the statement of Theorem 3.1 below will
hold for ¢ € [0, T] instead of ¢ > 0.
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is a martingale. Define P L P« R.. For each N € N, define p AN n &

ne{l,2,...,N}and ¢ > 0. For each 7 > 0, define

a1 o
[,L;v = — (SAN.MM){V’”,
NZ1 P,
n=

in other words we keep track of the empirical distribution of the type and intensity for
those assets which are still “alive.” We note that

(™", 2N for all

LY =1-uNP), t=0.

We want to understand the dynamics of u/ for large N (this will then imply the
“typical” behavior for L"). To understand what our main result is, let’s first set up a
topological framework to understand convergence of u”. Let E be the collection of
sub-probability measures (i.e., defective probablhty measures) on P; ie., E consists of
those Borel measures v on P such that v(P) < 1. We can topologize E in the usual way
(by projecting onto the one-point compactification of P; see Royden 1988, ch. 9.5). In
particular, fix a point * that is not in P and define P+ Lpu {x}. Give P* the standard
topology; open sets are those which are open subsets of P (with its original topology) or
complements in P+ of closed subsets of P (again, in the original topology of 7). Define
a bijection ¢ from E to Z2(P1) (the collection of Borel probability measures on P+) by
setting

W)(A) E v(ANP) + (1 — v(P)) 5,(4)

for all A€ B(P). We can define the Skorohod topology on Z(P*), and define a
corresponding metric on E by requiring ¢ to be an isometry. This makes £ a Polish space.
Thus, 1V is an element? of Dg[0, c0).

The main result of this paper is Theorem 3.1, essentially a law of large numbers for
n as Ntoo. For p = (p, A) where p = (a, &, 0, €, 85) € P and f € C®(P), define the
operators

2

(3.2) (L1 NF) = wzxik{(p) oG- I) l(p) 6
o Af
(L) = 55-(3).B

(£5)6) = ﬁSkbo(x)%(ﬁ) + %(ﬂs)zxzao ¥ le (#)

(£ 1)6) = 83000 7L ).

Also define

def

Qp) = A

31f S is a Polish space, then Dg[0, co) is the collection of maps from [0, co) into S which are right-
continuous and which have left-hand limits. The space Ds[0, co) can be topologized by the Skorohod metric,
which we will denote by dg; see Ethier and Kurtz (1986).
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The generator £; corresponds to the diffusive part of the intensity with killing rate A,
and £, is the macroscopic effect of contagion on the surviving intensities at any given
time. Operators £3 and £ are related to the exogenous systematic risk X.

For every f € C*°(P) and u € E, define

Sowe L | fEr@p).

peP

THEOREM 3.1. We have that uN converges in distribution to ji. in D [0, T]. The evolution
of 1. is given by the measure evolution equation

dUf e = LS ) e+ QLo fs ) e + (L fL ) ) di
F(LE S ) dVe, Ve C¥(P)as.

Suppose there is a solution of the nonlinear SPDE

(3)  dlt.p) = {t;v(r, )+ L3 u ﬁ)+< o ﬁ’)df/) e, 6)}dt
p'e

+ L%, p)dV, >0, peP,
where L} denote adjoint operators, with initial condition
limu(t,p)dp =7 x A,.
lim (t.p)dp
Then

iy = v(t, ) dp.

REMARK 3.2. The SPDE (3.3) should be supplied with appropriate boundary condi-
tions. In Section 4.2, we will justify the conditions

u(t, h =0, p) = v(t, 2 = 00, p) = 0.

The proof of Theorem 3.1 is given in Sections 7 and 8. Lemma 8.4 provides an
alternative characterization of the limit fi. Auxiliary results are given in the appendices.

REMARK 3.3. Equation (3.3) is a stochastic partial integral differential equation
(SPIDE) in the half line that degenerates at the boundary A = 0. Due to Lemma 8.2, (3.3)
can be viewed as a linear SPDE in the half line that degenerates at the boundary. Indeed,
by Lemma 8.2, there is a unique pair {(Q(¢), A;(p)) : ¢ > 0} taking values in R, x R
satisfying the coupled system (8.3)—(8.4). Noting that Q(¢) = (Q, fi,) g, we see that the
SPDE (3.3) can be written as

(4 du(t,p) = {Lv(t, p) + LM 0(t, p) + Q) L3u(t, p)) de + Ly M (e, p)dV,,
t>0, pe P.

Notice also that by Remark 4.1, Q(z) is bounded for all # € R,. Linear SPDEs in the
half line that degenerate at the boundary are treated, under alternative assumptions, by
Krylov and Lototsky (1998), Kim (2009, 2008), and Lototsky (2001).
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4. HOMOGENEOUS POOL

We develop further insights into the SPDE governing the limit density (if it exists) in the
case that the portfolio is homogeneous. Let p = (p, A) where p = (@, X, o, 8€, 85) € P.
For a homogeneous pool, p¥" =p for all N e N and n € {1, 2,..., N}. In this case,
we write v(¢, A) for the solution of the SPDE (3.3), suppressing the dependence on the
fixed p.

4.1. Limiting Portfolio Loss
The SPDE takes the form

@.1) du(t, n) = {qu(z, A+ L0, 0) + (/OO au(t, A) dx) Liu(t, ,\)} dt
0

+ L7 (e, M)AVt h > 0
v(0, 1) = A.(A),

v(t.0) = lim v(1.2) = 0.

where the adjoint operators are given by

4.2) Liv(t, 1) = 88—; (;ozkv(t, A)) + %(a()\ — 2u(t, 1)) — rv(t, L)
ov(t, A) .
S0t h) = — “g; ) g

2

) 0
Ly v(t, 1) =

1 d
r (2(;85)2A20()2(x)v(t, x)) — (B Rb (It )

Li*o(t, ) = —ﬂsao(x)aiA (Gv(t, 1))

Define the limiting portfolio loss L by

(4.3) L, défl—f u(t, \)dr, >0
0

this is a random quantity since v(z, 1) depends on the systematic risk X,. For large N,
Theorem 3.1 suggests the “large-portfolio approximation”

(4.4) LN~ 1L, t>0.

4.2. Justification of Boundary Conditions

Note that fooo v(t,A)dr < 1and v(z, A) > 0 for all > 0 and A € R*. Assuming that
v(z, A) is continuous in A, this gives lim; ., v(z, A) = 0, for otherwise the integral

50 .
Jo_ v(t, 1) dx diverges.

The boundary condition of u(¢, A = 0) is implied by the intensities A" being positive
almost surely. For the deterministic case of 85 = 0, it is sufficient to stipulate Feller’s
condition of @ > o2, see Feller (1951). For the case of 85 > 0, let us assume that
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v(t, A = 0) < oco. Then, Feller’s condition is again sufficient to imply v(z, A = 0) = 0. Let
the flux be /(1) where /(1) < L0 [y, W) dh = — [{° 2u(t, 1) do.. This follows from the
fact that the A" stay nonnegatlve almost surely by Lemma 3.1 in Giesecke et al. (2011)
and therefore, according to the empirical measure u”, only leave [0, co) by defaulting.
In the asymptotic case described by the SPDE, defaults occur via the sink term —Av.
Then, probability mass only leaves [0, co) via the sink term and does not flow across the
boundaries at A = 0 and A = oo. Integrating (4.1) over R* and using the aforementioned
flux condition along with the boundary condition at A = co, we have that

0=arv(r,r=0)— %qu(t, A =0)+ g€ (foo au(r, X) dA) u(t, A = 0),
0

which is only satisfied by v(z, A =0) =0
This discussion provides a justification for the choice of the boundary conditions for
a homogeneous pool. The treatment of a heterogeneous pool is analogous.

4.3. Alternative Representation of Limiting Loss

As we shall see below, if the density v(z, 1) has sufficiently fast decay at A = oo and
at A = 0, then one can justify an alternative representation of the limiting loss (4.3). By
integration by parts, we have

(4.5)
L=1- ,A)d
/0 u(t, A) dAr

=1- [/m v(0, 1) dAr + /l [e(n = R)u(s, &) — BSAbo(Xs)u(s, A)]ij d.
0 0

A=00

+/[ [;a Aup(s, A) + 10 2u(s, A) + = (ﬂs)z)»ZO'OZUA(S‘ )»)—i—(,BS)onOU(g )‘)i| ds

A=0

// Au(s, A)drds — B / (¢, v(s, ) [v(s, A)]

- [, x)]i:z?dvs] |
0
Now, observe that

N N
. 1 T .
w(P) = ~v > Spn(PIMy " = ~v > :amv.n(P)X{,NM] =1.
n=1

n=I1

This implies that

(4.6) /w v(0, 1) dr = 1.
0

Recall the boundary conditions v(z, 0) = lim,_~ov(?, 1) = 0. Then, if we assume that for
any t € R, u(t, -) and v, (¢, -) decay fast at infinity, in the sense that lim,woc)hzuk(t, A) =
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lim;;0Av(t, ) = 0, the integration by parts formula (4.5) and equation (4.6) imply

4.7) L=1- /000 u(t, A)dr = /Ol/(;ookv(s,k)dkds.

A particularly interesting consequence of (4.7) is summarized in the following remark.

REMARK 4.1. Relation (4.7) implies that the integral term in (4.1) is bounded. Indeed,
the term is Q(¢) = fooo Au(t, A) dA. Then, (4.7) can be rewritten as

(4.8) /Ow u(t, 1) d +/0 O(s)ds = 1.

Since fooc v(t, A)dir < 1, relation (4.8) implies that for any # € R, we have Q(f) < oco. It
is easy to see that the corresponding conclusion also holds for the heterogeneous pool
due to Condition 2.2.

Moreover, (4.7) implies for the rate of change

L = —/ u(t, Ay dr = / au(t, A)da = / A (d2).
0 0 0
Finally, we mention that one can view (L,, v(¢, 1)) as a pair satisfying

du(t,n) = {Liu(t, 2) + Ly N v, ) de + Lyu(t, A dL + Ly ot A dV, t,a >0
v(0,2) = A(%)

o0 t oo
L,:l—f u(z,x)dAZ// Au(s, 1) dA ds.
0 0 JO

5. NUMERICAL METHOD AND RESULTS

We develop and implement a method for the numerical solution of the SPDE (4.1) gov-
erning the limiting portfolio loss (4.3) in a homogeneous pool. We obtain the distribution
of the limiting loss L,, which we propose as an approximation to the loss LY when N is
large. Numerical results illustrate the method, as well as the accuracy and computational
efficiency of the approximation.

5.1. Numerical Approaches in the Deterministic Case

In the case of 85 = 0, (4.1) becomes a deterministic, quasi-linear PDE. For complete-
ness, we outline some numerical methods for this case.

5.1.1. No Feedback. 1If in addition B¢ = 0, the default times 7" are independent
and we have the analytic solution L, =1 — fooc exp(A(t) + B(H)X)A.(A) dr where A(t)
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and B(¢) satisfy
1 1
B(t) = — |a+ytanh| —Syi+a
o 2

1
cosh| —=yt+ cl)
2d,\d (
Alt) = —crdrt + 2 log 2 ,
y cosh(cy)

where y = Vk2 + 202, ¢; = tanh’](’T"), =% d =% andd = —ai.

5.1.2. Finite Difference. For the deterministic case where B¢ > 0, a finite difference
scheme can efficiently solve the PDE. We devise a scheme which is implicit in the dif-
ferential operators and explicit in the integral operator. A predictor—corrector iteration
is employed to increase accuracy for the integral term. This finite difference scheme is
second-order accurate. Let A be the time-step for the scheme. Also, denote v; = v(jA, A)
andletv;» form=1,2,...,k — 1 be predictor steps. Formally,

Ujpl =

=L 3 ) [ F WL 5 (v + ) |

Uj+% -V

1 1 Tl
T ﬁ[z(vﬂri +Uj)j| —I—I[z(uﬁ;( —|—vj):|£2|:2(vj+i +Uj):|,

Uiyl — U 1 1 <1
% = ﬁ[z(ijr] + vj)] +I|:2(Uj+/\kl + vj)i|£2|:2(v‘,-+| + v(,-)],

where £ = L} + £3 and Z[v(r, 1)] = BC [~ rv(t, A) d.

5.2. Method of Moments

We provide a method for the numerical solution of the SPDE (4.1) that applies in the
case that 85 > 0. Suppose that the boundary conditions for the SPDE are v(¢, A = 0) =
0 and lim;_, , v(¢, 1) = 0, as justified in Section 4.2 above. (Note that the latter boundary
condition also implies lim; _, , v, (¢, A) = 0.) Furthermore, suppose that for each k € N,
AFu(z, 1) is integrable on R, almost surely. A sufficient condition is that the solution
v(t, 1) decays exponentially in A; that is, there exist constants C;, C; > 0 such that
u(t, 1) < Cre~©* almost surely for > 0, 1 € R*. (We note that it was shown in Remark
4.1 that uy and u; exist.) Then, the moments u;(z) = f0°° Au(t, L) dx exist almost surely.
They follow the SDE system

(5.1)
du(t) = {ur(t)( — ok + BSbo(X, )k + 0.5(8°) o5 (Xk(k — 1))
+ 11 (1)(0.50*k(k — 1) + odk + Bku (1)) — w1 (1) }dt + BSoo(X)kuy(t)d V;,

u(0) = /0 ” AAL(L) da.
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To find (), multiply (4.1) by A and integrate by parts over [0, o). Also, use the
boundary conditions at A = 0 and A = oco. Note that the limiting loss L, = 1 — u(?). A
standard discretization method can be used to numerically solve the system (5.1).%

Moment methods have previously been applied to deterministic PDEs such as the
Boltzmann equation, see Vincenti and Kruger (1965), for example. The moment SDE
system in our case is not closed since the kth equation introduces the (k + 1)-th moment.
So, in practice one must perform a truncation at some level k = K where we let ug,; =
ug (that is, we use the first K + 1 moments). In the asymptotic time limit of the case
where 5 = B¢ = 0, the sensitivity of uy to ug, is of the order 1/K!. The sensitivity
in the more general case 85 > 0, ¢ > 0 is more difficult to analyze. Numerical results,
reported below, indicate that the convergence in terms of the number of moments is very
rapid.

We remark that 8¢ plays a pivotal role in the truncated version of system (5.1). If
B¢ = 0 and appropriate choices are made for the coefficient functions by(-) and o () of
the systematic risk, the truncated system satisfies the global Lipschitz condition and we
have the standard existence and uniqueness results. If 8¢ > 0, the truncated system is
only locally Lipschitz and therefore there exists a unique solution up to a stopping time
c(o(0), ..., ug(0), w) : REF! x @ — [0, 00).

In addition, the moments can be inverted to yield v(z, A). However, although a distri-
bution uniquely determines its moments, the converse may not be true. See Ang et al.
(2002) for some numerical methods for moment inversion.

There is an alternative approach to viewing the moment system. The system (5.1)
is driven by a single diffusion, which suggests there should be a canonical form where
only one SDE has a diffusion term and the other SDEs only have drift terms. Define
() = X; — # log(uy(?)) for k > 1 and 85 > 0. Then

duo(t) = —eP Xmm) gy

1
g5l = o Bba(X) + 0585 o (X — 1)
+e(k—l)ﬁs(xt—flk—l([))—k/BS(Xt—’Ik(T))(0.502(]{ — 1) +ak+ ﬂceﬂS(Xr—’Il([)))

dni(t) = {bo(Xz) - 0.5KBS(X,) —

- k—le(k+1>ﬁ5<x,—nk+1<r>>—kﬂS<X,—nk(r»]} dr.

The moment uy and the “canonical” moments 7 solve a system of random ODEs. They
depend on the path of the systematic risk X. A skeleton of X can be generated exactly
(without discretization bias) using the methods of Beskos and Roberts (2005), Chen
(2013), or Giesecke and Smelov (2013).

4 Since the solution v of the SPDE is nonnegative, the moments should also be nonnegative. However,
due to the time discretization, the moments may become negative when simulated. This can cause instability
in the numerical scheme. To avoid these problems, one could immediately set a moment to zero if it ever goes
negative. In particular, instability in the higher moments may occur for large 85 due to the exponential growth
term %(ﬂs)zooz(X,)k(k — Duy(t)dt. To reduce this instability, one could solve the transformed moments
wi(t) = exp(fé(ﬂg)zk(kf l)fOI aOZ(XS)ds). The SDEs for {wk},f:0 will not have the exponential growth
term anymore. Note also that wo(7) = u(?).
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FIGURE 5.1. Comparison of distribution of limiting portfolio loss L, for different
truncation levels K at t = 1. The parameter caseis 0 = .9, @ =4, A = .2, Ay = .2,
B¢ =2, and g5 = 2. A total of 50,000 Monte Carlo trials were used.

5.3. Behavior of Limiting Loss Distribution

We provide some numerical results. Here and below, we choose the systematic risk
process to be the CIR process dX; = k(8 — X,)dt + e/ X;dV; where k = 4, § = .5,
€ = .5, and Xy = .5. We choose the initial condition A, (1) = 8§(A — A¢). The moment
system (5.1) is solved using an Euler scheme with time-step of .01. Figure 5.1 shows the
rapid convergence of the moment system solution. Even using as few as six moments
(K =5), one can achieve a very accurate distribution for the limiting loss L,. Also, it is
noteworthy that in the deterministic case of 85 = 0, the moment method is faster for the
same accuracy than the finite difference approach outlined in Section 5.1.2.

We report some salient features of the limiting loss distribution. Figure 5.2 shows the
effect of the feedback sensitivity parameter 8 on the distribution of L,. As € increases,
the mean of the losses increases and a heavy tail develops on the right (indicating a
greater probability of extreme losses). Larger 8¢ also causes a wider or more spread-
out distribution, indicating a higher variance. An important ramification is that greater
connectivity between firms, modeled here through a nonlinear term, can increase the
volatility of their ensemble behavior. Similarly, increasing the systematic risk sensitivity
parameter 85 causes heavy tails on the right, see Figure 5.3. A hypothesis is that the initial
losses can be sparked by the systematic risk factor (whose influence is determined by the
parameter 8°) and then are later magnified by the contagion risk factor (determined
by the parameter ). This has significant economic implications for the spread of risk
through macro credit markets. The joint presence and interaction of systematic and
contagion risk greatly magnifies the likelihood of extreme default events.
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FIGURE 5.2. Comparison of distribution of limiting portfolio loss L, for different
values of the contagion sensitivity B¢ at ¢ = 1. The parameter caseis 0 = .9, « = 4,
x=.2, % =.2,and B° = 2. A total of 15,000 Monte Carlo trials and 16 moments
(K = 15) were used.

To shed more light on this issue, we calculate the Spearman correlation between X, and
L,. Figure 5.4 shows that the correlation over a short time increases with the parameter
B¢ while holding 8° fixed. This indicates that the larger the exposure of firms in the pool
to contagion effects, the more susceptible the system is to shocks from the systematic
risk. This relationship is demonstrated in Figure 5.2 by the loss distribution’s heavy right
tails for large B€. Our finding quantifies the central feature of the model: the complex
interaction between systematic risk and contagion. The system becomes increasingly
vulnerable to stresses from the systematic risk as the contagion channel in the system
becomes stronger.

Another interesting observation is that the loss distribution can demonstrate non-
monotonic behavior in time; for example, the distribution of losses may widen and then
later tighten. Figure 5.5 shows the evolution of the distribution of L, over time ¢, demon-
strating this nonmonotonicity. It is noteworthy that our numerical method yields the
limiting loss distribution for all horizons simultaneously; this is useful for some applica-
tions, including the analysis of portfolio risk measures such as value at risk.

5.4. Accuracy of Large-Portfolio Approximation

We analyze the accuracy of the approximation (4.4). To this end, we estimate the
distribution of the loss LY in a pool of N names by Monte Carlo simulation of the
default times V. The simulation uses a time-scaling method, which is based on a
discretization of the intensities A" on a time grid {tj}/J.:1 where #; = jA for some A > 0.
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FIGURE 5.3. Comparison of distribution of limiting portfolio loss L, for different
values of the systematic risk sensitivity 8% at = 1. The parameter case is 0 = .9, o =
4, % =.2, A = .2, and B¢ = 2. A total of 15,000 Monte Carlo trials and 16 moments
(K = 15) were used.

Intensities are simulated on [, #;;1) using a truncated Euler scheme so that they remain
nonnegative. Firm defaults (as well as jumps in intensity due to defaults) occur at the
grid points according to a discretized version of (2.2):

* Generate independent ¢, ~ Exp(1) for each firmn=1,2,..., N,

e Forj=0,1,2,...,J — 1:
(1) &)1 =max[0, ek — 1A + o) ")A/ANO, 1) + 50" (X, — X)),
) If ™" > grand AT A" + 407" > ey, then TV = 17,4,
(B) AT = A0 4 BER Y0l Xty

* end.

The increments X, — X;, can be simulated using an Euler scheme similar to the one
described above or by an exact scheme. For the results presented here, we again choose
X to be a CIR process with the same parameters as stated earlier. The CIR process X
is simulated using an Euler scheme (truncated at zero as shown above). We choose a
time-step of A = .01.

Convergence of the distribution of L to that of the limiting loss L, tends be more
rapid when g% is larger. When the variance of the losses is very small (i.e., the limiting
losses are close to a deterministic solution), the convergence rate is slower. Convergence
is most rapid in the tails of the loss distribution. Figures 5.6 and 5.7 show the convergence
of the distribution of LY to that of L, for two different parameter cases. Convergence is
relatively slow, but does indicate that the asymptotic solution is applicable for a portfolio
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FIGURE 5.4. Evolution of the Spearman correlation between X, and L, over time ¢.
The parameters are 0 = .9, o = 4, A = .1, 4o = .1, and 5 = 4. A total of 200,000
Monte Carlo trials and 16 moments (K = 15) were used.

consisting of several thousand names, a portfolio size not unusual in practice. Figure 5.8
compares the value at risk (VaR) of LY and L, at the 95% and 99% levels. The limiting
VaR is surprisingly accurate even for moderately sized portfolios or several thousand
firms. If N is relatively small, then the VaR of L, tends to understate the VaR of Lfv .
This is because fluctuations of LY due to the idiosyncratic noise terms in the intensity
processes have not completely averaged out for small V.

We evaluate the computational efficiency of the approximation. The parameter case
isc=09,0=42x=028=285=3,4 =02, and t = 1. A discrete time-step of
0.01 is used. One thousand Monte Carlo samples are produced. The table below indicates
computation times for L, for each of several N. The computation time for L, using
K =200 is 6.25 seconds. (Here and below, the computation times are based on a Matlab
implementation on a computer running Mac OS X with a 2.7 GHz dual-core processor.)
In general, the computational effort will be of an order % greater for the generation of
LY, where N is the number of firms in the pool and K is the truncation level of the
moment method.

Portfolio size, N Computation time (seconds)
500 13.58
1,000 22.12
5,000 236.24
10,000 441.80

25,000 1048.80




94 K. GIESECKE ET AL.

100 ...+ "1
80 <.

z 60.

o :

g :

o 40

o

n
(=]

[

10

4

Limiting 0 o Time
Portfalio Loss
FIGURE 5.5. Evolution of distribution of limiting portfolio loss L, over time ¢. The
parameter caseiso = .9, @ =4, 1 = .2, Ao = .2, 5 =4, and B¢ = 2. A total of 15,000
Monte Carlo trials and 16 moments (K = 15) were used.

5.5. Comparison of Method of Moments and Explicit Finite Difference

An alternate approach to the method of moments is a direct finite difference of the
SPDE. An implicit method such as Crank—Nicholson cannot be used since the term
B0 0(X)(Av),dV, must be nonanticipating. We therefore use explicit finite difference,
which has the disadvantages of only first-order accuracy in time and conditional stability.

We provide the explicit finite difference scheme in the case of the general diffusion dX,
= bo(X,) dt + oo(X,) dV,. The time-step is denoted A and the mesh-size by §. Let v;; =
U(I'A,j(S), )Lj Ij(S,XiIX,'A, and AV,‘ = VjA — V(j_l)A,foriZO,. . .,Nandj:O,.. .,J.
Then, the explicit finite difference scheme is

Vij =

i, o2 oA S 5 A oc()» Aj)
- A/l - JZ
[ TR R R OV R

#8555 () + a0 5 - (ﬂsaoom)fﬂuil,ﬂ

1 ak 2

+A ~ te- — (Bo0(Xi- 1))

] A,
-p° (bo(Xi—l)+0"o(Xi— A >+(ﬁSO'O(Xi—1))2j|Ui—1J

r : )9 Y
PN B AL R e - )

28
)‘i‘(ﬂSGo(XI 1)’ :|Uf1,j+1,

26 28 262

A AV
- ﬂsj (bO(/Yz 1) + oo(Xi-
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FIGURE 5.6. Comparison of distributions of limiting portfolio loss L; (using 16 mo-
ments) and portfolio loss of finite system LY for different N at 7 = 1. A total of 25,000
Monte Carlo trials were used for the finite system and 100,000 for the asymptotic
solution. The parameter caseiso = .9, 0 =4, X = .2, Ao = .2, B =2, and g5 = 3.

with boundary condition v;g =v;y =0and Z;,_| = ZL, 8% For o =
1, the criterion for conditional stability for a deterministic diffusion PDE with constant
coefficients leads us to propose the approximate criterion A < m for stability of the
above numerical scheme, where A.x = J8. Numerical studies confirm that this condition
for stability is a good approximation. Note that the time-step must become very small as
the effect of systematic risk (i.e., the stochastic terms in the SPDE proportional to the
parameter S€) increases. For a general diffusion coefficient oo(x), we expect instability
to generally increase if og(X;) > 1 with high probability (and to decrease if o¢(X,) < 1
with high probability).

Accuracy of explicit finite difference and the method of moments is comparable since
we also use a first-order accurate scheme, the Euler method, for the SDE moment
system. However, the great advantage of the SDE moment system is its extremely low
computational cost in comparison with explicit finite difference of the SPDE. If one
chooses a mesh with J points for a finite difference scheme, then the finite difference
scheme has an order of complexity of at least J coupled SDEs whereas the method of
moments can achieve highly accurate results with as little as half a dozen SDEs. As an
example comparison, if the finite difference scheme has a mesh ranging from 0 to 10 with
a mesh-size of § = 0.1, the finite difference scheme has at least the order of complexity of
100 coupled SDEs. Furthermore, the explicit finite difference scheme is only conditionally
stable. This means that even if one is satisfied with a time error of O(A), one may have to
choose a much smaller time-step A to avoid instability. For instance, if § = 0.1, 85 = 5,
and Apax = 10, our approximate criterion indicates A must be less than 4 x 1076, Given
a desired accuracy in time of O(A), we estimate the ratio of the computational cost of
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FIGURE 5.7. Comparison of distributions of limiting portfolio loss L, (using 16 mo-
ments) and portfolio loss of finite system L for different N at # = 1. A total of 25,000
Monte Carlo trials were used for the finite system and 100,000 for the asymptotic
solution. The parameter caseiso = .9, a =4, A = 2, 1o = .2, B =4, and B° = 8.

the explicit finite difference to that of the method of moments for the case of 6p = 1 to be

Cost of Explicit FD ~ J min (A(,Bskmax)z/fsz, 1)_

(5-2) Cost of Method of Moments K

As a concrete example, we report computational times for computing the loss at 1 =
0.5 for the case of 0 = 1, =4,A =1, 8¢ = 1.5, 85 =2, and Ay = 2. The systematic
risk X, is just a Brownian motion (i.e., bp = 0 and oy = 1); we can then compare the
observed numerical instability with our approximate criterion for stability. The finite
difference method uses a mesh-size of § = 0.1 and Ay,.,x = 10 while the method of
moments is truncated at level K = 100. This parameter case was chosen to demonstrate
the instability of the explicit finite difference scheme when 8° becomes reasonably large
and the mesh includes large values. Computational times are reported for 1,000 Monte
Carlo trials.

Time step Method of moments (seconds) Explicit finite difference
102 2.4890 Unstable

1073 25.7241 Unstable

10-4 254.6494 Unstable

10-° 2561.9614 8512.3172 seconds

The approximate criterion for stability gives A < 1.1111 x 107>, which matches well
with the numerical results. In this example, we used a rather large number of moments
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FIGURE 5.8. Comparison of 95% and 99% VaR of distributions of limiting portfolio
loss L, (using 16 moments) and portfolio loss of finite system LY for different N and
several horizons ¢. The parameter case is 0 = 0.9, « =4, A =0.2, 1o = 0.2, 85 = 2,
and B¢ = 4. A total of 50,000 Monte Carlo samples are used for the finite system and
250,000 for the asymptotic solution.

(100, to match the number of mesh points in the finite difference scheme). As we remarked
earlier, the computational advantage of the method of moments over finite difference
increases substantially if we take a small number of moments since highly accurate
results are still achievable even using only a few moments.

6. EXTENSIONS
6.1. Extending the Model

We can extend the system (2.1) to the case of more general coefficient functions for
the intensity as well as stochastic position losses. Fix N e N andn € {1,2,...,N}. Let
{eNmN | be a family of i.i.d. random variables with support (0, 1). The variable ¢
represents the loss rate at default of the nth name in a pool of size N. Consider the
following system:

6.1
( )d/\,N*” =b(WN") dt+ o (W) dW + BSL0(X)dLY + By v (AY")dX, t>0
2" = e N
dX, = by(X))dit + oo(X)dV, t>0
Xo = x,

N
1
LIN = N ZKN’”X{IN.MS,},

n=1

where the coefficient functions b(-), o (-), 6(-), and y(-) satisfy suitable regularity condi-
tions guaranteeing the existence of a unique nonnegative solution A\"".
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Define the operators

*f f

1
(£11)6) = 30°0) 2 B) + ) - (6) — 26)

©® = L5

*f
a2

1
(EENB) = BY O T () + 2897 (oi0)

()
RN s af .
(L3.N)B) = By (Moo(x)=(B)
Q(p) = AL.

Then, following the arguments applied to the system (2.1), we can show that the SPDE
governing the limiting density takes the following form:

dv(t. p) = {c’rv(z, 5+ L35 u(t. §) + 0(X,) ( 0@ ) dﬁ/) s, ﬁ)} di
peP
+ L35 u(t, pdv,
fort>0andpe P, wherep= (8,85, 0) e PE R, x RxRand P & P x R.

Naturally, one expects that, for large N and for every ¢ > 0, LN~ ¢(1 —
Jo- v(t, p, A)dh).

6.2. Extending the Moment Method

The moment SDE system can be extended to the case of general coefficient functions as

well as the nonhomogeneous parameter case. By Theorem 3.1, in the nonhomogeneous
case the SPDE takes the form

1 _
du(t, p) = {Zaz(ku(z, B + al(h — Dyl D) — Avit, B) — BSbo( X)(w(t, )

LB R B — € Jo(t. §) drdp(u(r, ﬁ))k}dr

reR+ peP
= B oo(X)(u(t, p)d V.

v(t, . =0,p) = v(t, A =00,p) =0,

v(t =0,p) = h(p).
The SDE moment system for the nonhomogeneous case follows:
1
du(t, p) = u(t, p)[—ak + B bo( Xk + E(ﬁs)z%z(Xz)k(k — D]dt — ujs1 (2, p) dt
+ w1 (1, p)[0.50%k(k — 1) + ark + Bk / uy(t, p)dp) dt
peP

+ B o0(X)kuy(t, p) d V;,

wi(t = 0, p) = / Mh(p)do,
0
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where u(t, p) = fooo Au(z, p) dr. The SDE moment system is coupled across the param-
eter space P. For numerical implementation, the parameter space P must be discretized.

For the case of intensity processes with general coefficients b(-), o (+), and y(-), we have
an SPDE of the form stated in Section 6.1. A general moment method can be applied to
this class of SPDEs, provided that we prescribe b(-), o (), and y(-) such that the processes
ANV stay positive almost surely. Also, assume b(-), o(-), and y(-) are analytic on R*.
Then, the generalized moment

kak“d

k:
Sk ()5

k(1) = Ak Akl 1) dA
Uk ky ko ks K ks K (7) /0 b(%) TG ( ()°) ok U(t )d

solves a moment system similar (albeit more complicated) to (5.1).

7. TIGHTNESS AND IDENTIFICATION OF THE LIMIT

We start by discussing relative compactness of the sequence {u™} yen .
LEMMA 7.1. The sequence {i} nen is relatively compact in Dg[0, 00).

Proof. The proof follows exactly as in section 6 of Giesecke et al. (2011). We omit the
details. g

Next, we want to use the martingale problem (see Ethier and Kurtz 1986) to identify
the limit of ™’ A
Let S be the collection of elements ® in B(R x £2(P)) of the form

(7.1 O(x, ) = @1(X)o2 ((f1, W Es (S W E - (far W) E)

for some M € N, some ¢; € C*(R), some ¢, € C*(R), and some {f,}}.,. Then S
separates 2(R x P) (Ethier and Kurtz 1986). It thus suffices to show convergence of the
martingale problem for functions of the form (7.1).

Let’s fix f € C*°(P) and understand exactly what happens to (f, ©")z when one of
the firms defaults. Suppose that the nth firm defaults at time # and that none of the other
names defaults at time 7 (defaults occur simultaneously with probability zero). Then

1 v BN ,
ot =y 2 (s B e

l<n <N
n' #n
1 , , |
Fdl= g B SOV A+ ks ),
l<n <N
n #n

Note furthermore that the default at time # means that f —0 AN ds = ey, so M,N M =0.
Hence

(7.2) (o) = )y = T a0,
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where

def 1 - n n ’BCJl’ n n n 1 n n
Tint) = NZ{]‘(pN’ O ]X, )—f(pN’ AN )}va' —Nf(pN’ A

n'=1

forallt>0, Ne Nandne{l,2,...,N}.
For convenience, let’s define

6N L b9 2L+ o3 )—

for all £ € C*(R). This is the generator of the systematic risk.
We now identify the limiting martingale problem for u". For p = (p, ») where p =
(a, %, 0, S, %) € P and f € C(P), recall the definitions of the operators in (3.2).
For ® € S of the form (7.1) we define the following operators.

(AR)(x. 1) = (Ge0)) @2 (fir )b A S g - fore 12) )

d
+<p1(x>Z 2 (fie ) e 5 ot WOV S ) 2

(L3 s 1) g +(Q, 1) B (Lo fons 1) £

3*"‘()23*"2 i 1) oo i) - fis ) 8) {(G0COC fo 1))

I'l

and
(7.3)
(BO)(x, 1) & ao(x)—ocm( o i (o )k - - (ot 1))

+<o1(x)2

m=1

(s W Es (for W E - (Sons 1) £) LT Fons 1) -

Moreover, we define the following processes

N
T4 (AN X 1) L (X)) S AN (i )+ T o),

n=1

+TEND - far i)+ TLD)
—¢z<<ﬁ»mN)E’ (o ) fors al) ) i

—<P1(Xz)2
< QLo fons 1) p = 1)}

€02 fl My )E’<f2 ey > '(fM’ /’LIN>E)

and

def

(7.5) MN = MMV N
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where

1 LN 3

m=1 n=1

x {UNn afm(ANn) Nn}] de

is the Brownian martingale and M*/ is the martingale

<ﬂ1(X)<P2 (s )+ TE O oo )+ T8 fore 1)+ TR

I
Mz

3
Il

«ﬁ,m>Ewﬁ,u,> (o ) ) (A — AN,

With these definitions we have the following lemma.

LEMMA 7.2. For any ® € S and any t > 0 we have that

t 1
O(X,, 1Y) = ®(Xo, 1g) + f (A®) (X, ) dr+ | (BO)(X,. uN)dV,
0 0

t
+ AV ) dr+ A,
0
Moreover, for any 7' > 0, the following limits hold

t
lim E[/ (AN Xuﬂr)‘d’]_oand lim sup B[M]" =0.
—00 0

N—oo g<i<T

Proof. For p = (p, ) where p = (&, A, o, BC, B°) € P, define

@ NG = 2326y~ a.- 2L )

Then £“ is the generator of the idiosyncratic part of the intensity.
We start by writing that

4

t 2 t
@(AX,,/LIN):(D(X(),/L(I)V)-{—Z/ OArN’de-{-Z/ OB,.N'der +M;,
k=1""=

k=1Y"=
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where M is a martingale and

AV = GeNXDea((fio 1) o (oo ) o for 1)) )

AN = w(X:)Z

m= 1

12{(& B8 + (E5 £) ()

n=1

My >E’<f21 My > '(fM’ MiV)E)

- mmz 9 (i) o i), o i),

Xm
m= 1

X {<£ fma My )E + <£3lems M[N>E}

N
A = (0 YA (i 1)+ T 0. (1),

n=1
+ T8O for wl)  + TED)
—o((f, M§V> Ao ) (o ) ) P,

A= 2 02 (Ui i) oo ) Ui ) ) {00 CVET S 1))

m= l

B = aom—l(x,)m((ﬁ, 1) o (o ) o (o 1Y) )

BY? —mx,)Z 002 (Ui i) (oo )i ) UEE s ),

m= 1 X
To proceed, let’s simplify j,(;n For each f e C®(P), t >0, NeN and n € {1,
., N}, define

N
(1.6 Ty L NS S, M = oM AN = (a1 ) - 1)),

m=1
Then
K3, ||9%f
Tia(0) = 7\7 n(t)‘ —z2 ,
N, N 8)»2 c

where K> » is the constant from Condition 2.2.

Define (p) & A for p = (p, 1) € P. Setting

M
IN,3 def 92 N N Non 7 N.n
477 = (pl(Xt)ZW((flv Hy )E’ <f2v My > . fM’ :Uvr Z)‘ Nn(t)M

m
m=1

—wmz 92 (o ) (o i) Ui 1))

Xm
m= 1

x {(Q. M) Lo fone ) = (S ) )
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we have that

t t
lim ]E[ / |(AN~”CI>)(/\1,M,{V)|dr] = lim IE|: [ - ,5,{\"3|dr} o
r=0 —>o0 r=0

N—oo

Moreover, by lemma 3.4 in Giesecke et al. (2011) we have that for any 7 > 0 and any
p = 1, there is a constant Cy such that supg -, <7 Z E [IAN"P] < C,. This and

NeN
Condition 2.2 imply that
lim sup E[M; ]2 =0.
N—o0 0<i<T
Collecting things together, we get the statements of the lemma. O

We in particular note the macroscopic effect of the contagion.

REMARK 7.3. The key step in quantifying the coarse-grained effect of contagion was
(7.6). Namely, we average the combination of the jump rate and the exposure to contagion
across the pool.

8. PROOF OF THEOREM 3.1
Let Qv be the P-law of (X, u™); i.e.,

Q(4) = P((X, M) € 4)
for all 4 e B(Drxg[0,00)). Thus Quy € P(Drxg[0, 00)) for all Ne N. For w e
D« £[0, 00), define Y(w) = w(r) for all ¢ > 0.
Also for ® € S, define the quantity

def

6y AT em - e~ [ e - [ Goxnr.
r=0 r=0

Let V == UI€R+ V{.

PROPOSITION 8.1. We have that Q y converges (in the topology of P(Dr«gl0, 00)))
to the solution Q of the (filtered) martingale problem for A?(Y) by (8.1) and such that
QYO_1 = Sy xnxa,- In particular, Q{ Yy = x, x w1 x A} =1 and for all ® € S and 0 < r;
<n..ry=s<t<Tand{y, _,1:1 C B(R x E), we have that A? is a square integrable
martingale with respect to both F,\/ V and F,. Namely,

J
82) E | (A%(Y)— A%(Y)) ]‘[ V(X 1) | =0 and sup E[AP(Y)] < oo

0<t<T
Lastly, E[AY(Y) | V] =

Proof. The family {u"} yen is relatively compact (as a Dg[0, oo)-valued random vari-
able) by Lemma 7.1. Hence { X, 1V} yen is also relatively compact. Let (X, i) be an accu-
mulation point of one of its convergent subsequences. Then, (X, i, [((B®)(X,, uN)dV,)
will converge in distribution to (X, i, [, (B®)(X;, it,)dV,). This and Lemma 7.2 imply
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that the process AP (X, jz) will satisfy (8.2). Uniqueness of this martingale problem can
also be shown as in Giesecke et al. (2011).
Of course, we also have that for any ® € S,

E°[@(X)] = lim EV[®(Xo. u)] = ®(x. x 7w x A,)

which implies the claimed initial condition. The rest of the statements are easily seen to
be true. O

We next want to identify Q. This will take a couple of steps.
For notational convenience we shall write

Ey[]E E[ V).

The next lemma is essential for the characterization of the limit. Its proof is deferred
to Appendix A.

LEMMA 8.2. Let W* be a reference Brownian motion and assume that Condition 2.3

is satisfied. For each p = (p, 1,) € P where p = (a, X, o, BS, BS), there is a unique pair
{(O(1), A(p)) : t €0, T} taking values in R, x R, such that

63 0= 4 s Ev{mmexp[— /V'Ox:f(mds“n(dpmo(dx)
P =(a 10,88 o

and

t t t
g4y MO =r-a [ wE-Data [ fuedws [ owas
: s=0 s=0 5s=0
t
+ﬂS/ AP dX,. >0
s=0
(where w and A, are as in Condition 2.1).

REMARK 8.3. For notational convenience we do not write the dependence of Q and
A* on X but this is always assumed.

LEMMA 8.4. We have that Q = 8 x.j), where for all A€ B(P) and B e BR.), i is
given by

pax B2 [ e eienes |~ [ x6ds| | x@nan

p=(p.2)eP
Proof. Recall (8.4) and the operators L, £, £3, £ from (3.2) and the definition of Q

in (8.3). )
For any f € C*(P),

o= [ By [f(p,kf(ﬁ))eXP[— [ k?(ﬁ)dSHﬂ(dp)Ao(d/\)-
p=(p.1)eP 5=0
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Using Lemmas B.1 and B.2 we obtain

d(f, i) e

= {/ AEv,[[(ﬁlf)(p, 2B + (L3 1) A (B))]
p=(p.1)eP
X exp [— / r AX(P) ds]]n(dp)Ao(dA)}dt
s=0

+ { f By, [(.czfxp, 26 Oy exp [— / 26) dsﬂ n(dp)Ao(dm} dr
P s=0

=(p.1)eP
t

L e neseres|- [ o] |rdwaan]ar,
p=(p.n)eP 5=0
= (Lo fo i) e+ QLo f, g + (L3 f i) }dt + (L) f. i) ,dV s
To proceed, define

t
Gy & / R, [exp [— ‘/;_O)Lj(ﬁ)ds]]n(dp)Ao(dk).
p= (ko ) -

On the one hand, we have that
t
60 == [ s ger B [ri®e|- [ xGras]|xamnan
p=(a, % 0,8 B5

= —/ bopuep MHldD)=—(Q R)r
p=(@ro pC B9

On the other hand, by Lemma 8.2 we have
(8.5) G(1) = —Q(1).
Thus, we have that
dif. i) e = {(Lof i) e+ QUNLaS - e + (L3 [+ i) gyt + (L3 [+ ) pdV o
Thus

O, 1) = 0o ) + [ AONX ) ds+ [ BOK )V

and hence §x, ) satisfies the martingale problem generated by A. Of course we also have
that jip = 7 x A,. By uniqueness, the claim follows. O

Now we collect our results to prove the law of large numbers given in Theorem 3.1.

Proof. [Proof of Theorem 3.1] In Lemma 8.4, we proved that, for any f € C®(P), the
limiting measure fi satisfies the measure evolution equation

d{f, e = {(ﬁlfa R E+A(Q, i) E{Laf\ ) E + (/-:é\/’fv ﬁt)E}dl‘f' <£i{tfv ﬁt)Ede~
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From this expression it is immediately derived by integration by parts that, if there exists
a solution to the nonlinear SPDE (3.3), then the density of i should satisfy (3.3). This
concludes the proof of the theorem. O

APPENDIX A: PROOF OF LEMMA 8.2

In this section, we prove Lemma 8.2. The proof uses a fixed point theorem argument.
For notational convenience we sometimes drop the superscript * and p from the notation
of A¥(p) and simply write A,.

The square root singularity imposes some technical difficulties in the proof. For this
purpose we introduce in Section A.1 an auxiliary function v, (x) that will be used later on
and study its properties. In Section A.2, we study existence and uniqueness and properties
of A satisfying (8.4) with a given Q(¢).

In Section A.3, we prove the lemma under the additional condition that b, is bounded.
Then, in Section A.4 we prove the lemma using Girsanov’s Theorem for the X process.

A.1. An Auxiliary Function
Let 0 < n « 1 and define

def 2 I~
wn(x) = 71n 77_1 /y—(){

for all x € R. We note that ¥, is even, so g, is also even. Taking derivatives, we have that

Yy 1 R
f x[n,nwﬂz)dz}dy and  g,(x) £ |x| — v,(x)

=0 Z

. 2 Yl . 2 1
Yy (x) = 7/ . ;X[,ml/:](z) dz and Y, (x) = —— = Xp.n2)(X)

In 7771 z=l In 7771 X
for all x > 0. Since g, = —/, < 0, &, is nonincreasing. For x > 1
Inp'/? —1
&) =1 _21“7711“7 =0,
In 3

soin fact g, isnonnegative on (0, oo) and it vanishes on [,/77, 00). Thus g, is nondecreasing
and reaches its maximum at /7. Since g,(0) = 0, we in fact have that

0<gyx = gn(\/ﬁ)

for all x > 0. Since g, is nonincreasing on (0, co) and g,(x) = 1 for x € (0, n), we have
that g,(x) < 1 for all x € (0, /7), so g,(,/1) < /7. Since g, is even, we in fact must have
that |g,(x)| < /7 for all x € R. Hence

[x| < %(x) + \/ﬁ

for all x € R. We finally note that

) | 2 I 1
Al T D= o ™
(A.1) |1/f,7(x)| =Ty Xin,ym(1X1) = Iny-! min { B 'I}

and that xl'pn(x) > 0 for all x € R.
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A.2. The Uncoupled Linear Case

Let & be a {G,},>0-predictable, nondecreasing, bounded, and right-continuous process
such that £y = 0. Consider the SDE

(A.2) dih, = —a(h;, — AN dt +o/A, v 0dW, + BCdE, + B5rdX, t>0
Ao = Ao.

Then, as in lemmas 3.1 and 3.2 of Giesecke et al. (2011), we get that (A.2) has a unique
nonnegative solution such that sup, o 71 E[|A,|?] < oo forall 7> O and ¢ > 1.

A.3. Proof Assuming that by(x) Is Bounded

In this subsection, we prove Lemma 8.2 assuming that by(x) is bounded. The proof
uses a fixed point theorem argument.
The main condition of this subsection is that there exists a M < oo such that

(A.3) sup [bo(x)| = M.
xeR

Let g > 1 and S?(R. ) be the set of R valued, adapted, continuous processes {A; }rc[0. 1]
such that

1/q
1%y = ( sup Epl?) " < oo
0<t<T

The space $?(R ) endowed with the norm ||-||7 4 is a Banach space.
Let us consider now a nonnegative process U,(p) € S?(R.). Set

I S (B T B IO | EXCETeT

p= (a2 0 8%

and consider (A.2) with & in place of £(U). We are going to prove that the map @ defined
by A = ®(U) through (A.2)—(A.4) with U € S'(R,)is a contraction on S'(R) equipped
with the norm

ANl < o0

locally in ¢ which can also be extended to any arbitrary 7.
We collect in the following lemma some important properties of & as defined through
(A4).

LEMMA A.1. Let anonnegative process U,(p) € SY(R ) be given and let K be the constant
from Condition 2.2. The map £E(U),, as a function of t, is continuous, nondecreasing, positive,

bounded uniformly in t € R, by K, and satisfies E(U)y = 0.

Proof'. All the statements are obvious. 0
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Fix U,(p), U/(p) € S'(R,) and write for notational convenience &, = £(U), and &, =
&(U"),. The process Z, = A, — A; satisfies

Z=-a [ zids+o [ (fr-Vmpaw g [ e -den+p* [ zax.
0 0 0 0

Next, we apply 1t0’s formula to v, (x) defined in Section A.1 with x = Z,, getting

(A.5)
V(Z))

=« /0 2 Zds+ /0 V(2 — dE)
+ "72 /0 i = IV (Zyds + o /O e = ST Z) W,
[ BXDZY(Z)ds + B / (XD ZULZ)V, + [ (B%,(X) 20! () ds.
For notational convenience we define the quantity A, Y = ¥, — Y/ for any given couple
of stochastic processes Y, Y.

We have the following three technical Lemmas A.2-A 4.

LEMMA A.2. Forany g > 1 and t > 0 we have

t
E / A U@ dsr(dp)A.(d)
p=(p.1) 0

E|A & < Kﬂ/

IA

(K / |A. UG, 7 (dp)A.(dh).
pP=(p.»)

where K is the constant from Condition 2.2.

Proof. By the definition of £(U) from (A.4) we get

Ak = (Ey{exp [— [ U;(ﬁ)ds]—eXP [— [ Us(a)ds]}) 7 (dp)A.(d2).
p=(p.+) s=0 s=0

Recall the trivial inequality |e* — ¢”| < max {e“, e’}|a — b]|. Since U;(p), U/(p) > 0, we

get that
1 t
exp [— / U;(mds} ~ exp [— [ Us(ﬁ)dS}
5=0 5=0

The latter, Holder inequality and Fubini’s Theorem imply

ds.

< /0 U) - U/(5)

t
E|AE[ < K1 / / E|A, UG)|'w(dp)A.(d2) ds
0 Jp=(p.»)

< (K" f sup E|A, UG\ (dp)A.(d2).
pP=(p.A) 0=s<t

This concludes the proof of the lemma. O
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LEMMA A.3. The following bound holds

(A6) Ev,(Z)<C / E|Z|ds+ G / 1A UG 7))+ Cy
pP=(p,+

where C; = C(K, M), C; = C2(K, t) and C3(K, t, n)]0 as n]0. Here K is the constant
from Condition 2.2 and M asin (A.3).

Proof. The proof of this lemma follows by bounding each term on the right-hand side
of (A.5) separately using the bound from Lemma A.2 and the bounds for the first- and
second-order derivatives of ¥, i.e. [, (x)| < 1 and (A.1), respectively. In particular we
have the following.

Taking expected value in (A.5) we obtain

(A7) ,
Ey,(Z) = —aE / Z(Z)ds + E / Bb,(X) ZW(Z) ds + E f BCY!(Z,)(dE, — de))
+78 [ = vmruzasE [ ez e

Let us now bound each term on the right-hand side of (A.7).
Due to the boundedness condition on by we have for the first and second term

9 ek [zt B [ 50z zds < @ ) [ EIZGs
0 0 0

Regarding the third term we recall the properties of &€ outlined in Lemma A.1 and that
[¥,(x)] < 1 for all n > 0 and x € R. Then, approximating by simple processes, we get
that there exists a constant C such that

<Csup E |‘§v _§;| .

0<s<t

E "(Z,) (d&; — dE!
‘/Owﬂ( ) (d, — de)

The latter display and Lemma A.2 imply that

< GtK IA. U@ 17 (dp)Ac(dhr).
p=(p.2)

(A9) ‘ wa)(da

Relation (A.1) gives for the fourth term

0,2

In

02 ! " 02 ! 4
(A.10) 2EV0 (Vs = VA W(Z) ds| < 7/0 (E|Z|y,(Z)) ds <

Relation (A.1) and the condition E fot (0,(X,))* ds < oo give for the fifth term

< (B ( ) / (0,(X;))? ds.

(A.11) U (B30, (X) ZY ) (Z,) ds
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Collecting now terms (A.8)—(A.11) we obtain the statement of the lemma with

C=a+|p5IM

G = GitK
_ 02 $\2 ﬁ t ,
©= (11177_1) + (ﬂ ) <1n n—l t> EA (UH(XY)) ds. 0

LEMMA A.4. For any t > 0, there exists a positive C(t) such that

IAA = C@) | A U@, 17 (dp)Ac(d).
p=(p.%)

Moreover, C(t) is continuous, increasing in t, and satisfies lim, o C(f) = 0.

Proof. Applying |x| < ¥,(x) + /1 to x = Z; and using Gronwall’s Lemma we obtain
E|Z| < [Cz / 1A U@ 17 (dp)As(dr) + Ca(t, 1) +n'/?
p=(p.»)
t
+G [ I 0y
0

t
+C / ety / GIIA U@ 517 (dp) Ao(dr) ds}
0 P=(p.»)
where the constants Cy, C,, Cs are as in Lemma A.3. Taking n|0 we obtain
E|Z| < CQ@) | ( A U@)l:.17(dp)As(dL)
p=(p.»)

where C(t) = Co[1 + e“" — et = Cpe©''t for some constant Cy > 0. This concludes
the proof of the lemma. O

We collect the previous results for the proof of Lemma 8.2 in the case of a bounded
drift by.

LEMMA A.5. If by(x) satisfies (A.3), then the statement of Lemma 8.2 is true.

Proof. Using Lemma A.4, a standard Picard iteration procedure shows that there
exists a fixed point A* of ®, i.e. A} = ®,(1*), for ¢ € [0, #;] such that C(#;) < 1.

Let us show that this fixed point is necessarily unique. Indeed, suppose that 1*, A" are
both fixed points. Then, Lemma A.4 implies that

12*() — A’ Bl < C@) | I2*() — A’ (Bl 17w (dp) Ac(dh).
p=(p.»)

By integrating, and using the condition C(¢) < 1 for ¢ € [0, #;], we immediately obtain

that

f 125B) = X 3) 1 7 (dp)A(d2) = 0.
pP=(p.»)
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Therefore, for every ¢ € [0, #;] and p € P we should have AF(p) = A)(p) almost surely. This
gives uniqueness.

For the general case, we only have to subdivide the interval [0, 7] into a finite number
of small intervals. Thus, there is a unique fixed point to the equation A7 = ®,(1*) for all
t € [0, T]. Notice that the equation A} = ®,(1*) can be trivially written as the pair of the
coupled equations (8.3)—(8.4). Clearly Q(¢) is nonnegative since A* is nonnegative. This
concludes the proof of the lemma. O

A.4. Proof of Lemma 8.2

In this section we prove Lemma 8.2. By Lemma A.5 we know that the statement of
Lemma 8.2 is true if bo(x) is bounded. Our strategy is to apply this result for the case
bo(x) = 0 and then to generalize using Girsanov’s Theorem.

Recall the map @ defined by A, = ®,(A) through (A.2)-(A.4). For notational conve-
nience we shall write A° for A7 = ®,(1°) to emphasize the fact that we are considering
(A.2)—(A.4) with by(x) = 0. We keep the notation A for the case of a general by(x).

Let u(x) be such that o(x)u(x) = —by(x) and define the quantity

My = o~ Jo vXOAV—3 [ u(X)P ds |

For given A¢ € S'(R,) we define iteratively the sequence
)‘n+l,t = CI)I()\n)-

We shall prove that the sequence {1, },<nv is a Cauchy sequence in probability uniformly
in ¢ € [0, T. In particular we have the following lemma.

LEMMA A.6. Assume that there is a p > 1 such that EM}. < oo and let ¢ > 1 be such
that 1/p 4+ 1/q = 1. For every € > 0, there exists N < oo such that for all N <n <m

sup P [|)J," - A’;| > 8] < Cy(e/8)
0<t<T

for every § > 0 and for some constant Cy > 0 independent of n, m.

Proof. As we saw in the proof of Lemma A.5, it is enough to consider the equation
A= @,(1). Let A*, 1 be two solutions of the equation A, = ®,(1).

By Girsanov’s Theorem on the absolute continuous change of measure in the space of
trajectories, Holder and Chebychev inequality, we have the following

sup P[4y — 7| > 8] = sup Elxpr—i-5]
0<t<T 0<1<T

= sup E[xem_son=s Mr]
0<t<T

IA

l/q
( sup P[[3" — 1"] > 5]) (EM)"”
0<t=T

o,m o,n 1/q
< (sup0<,<TIE[ AT = ]) (EM?)UP
)

where A%, A" satisfy A, = ®,(A>™) and A" = @ ,(1°").
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Then Lemma A.4 implies that sup,_, E[|A;"" — A;""|] can be made arbitrarily small
by choosing n, m large enough. This together with the boundedness of E M7. conclude
the proof of the lemma. O

Now we are in position to prove Lemma 8.2.
Proof. [Proof of Lemma 8.2] By Lemma A.6 we know that there is a nonnegative

solution to the equation A, = ®,(1). Uniqueness is shown in a similar fashion. This
concludes the proof of the lemma. O

APPENDIX B: SOME AUXILIARY RESULTS

In this section, we prove some auxiliary lemmata that were needed in various places in
the paper. These results are of independent interest.

LEMMA B.1. If Y is an integrable F;-measurable random variable, then E[Y|V;] =

E[YIV].

Proof. Notice that V =V, \/ V;}" where
V;r =0 (Vs —Vi;520).

Since V is an (F;)-adapted Brownian motion, we get that V;" C V is independent of F;.
Therefore, we have

E(MVI=E[Yv,\/ V] =E[m]. 0

LEmMA B.2. Consider a cadlag and (F,)-adapted process {Y, t > 0} such that
]E[fOT Y2d1] < oo for every T > 0. Then we have

t
E|:/ Y.dV
0

t
14=/MKMMW
0

Proof. Givenan arbitraryu € L*([0, 1];R), i.e. supy, -, lus| < 0o, consider the quan-

tity
1 t t
Z,:exp(/ |u5|2ds+i/ ust5>.
2 Jo 0

It is easy to see that Z, satisfies the SDE

t
Z =1 +i/ Zou, dVs.
0
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Therefore, on the one hand we have

t t t
E |:Z,IE |:/ Y,dV V,]] =E |:Z,/ YvdV_Y] =E [1/ Zaug Y ds]
0 0 0

t
=E |:1f ZauE[ Y | V] ds] .
0

On the other hand,

t t
E z,/ E[KWS]dVS]:IE[i/ ZSuS]E[KWS]ds].
0 0

vﬂ _E [Z /[JE[W]dVS} .
0

Since this statement is true for every u € L*([0, #]; R), we are done. 0

Thus we arrive at the equality

r t
E|ZE [ / Y.dv,
0
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