


EMS Series of Congress Reports

EMS Congress Reports publishes volumes originating from conferences or seminars focusing on any field
of pure or applied mathematics. The individual volumes include an introduction into their subject and
review of the contributions in this context. Articles are required to undergo a refereeing process and are
accepted only if they contain a survey or significant results not published elsewhere in the literature.

Previously published:

Trends in Representation Theory of Algebras and Related Topics, Andrzej Skowronski (ed.)
K-Theory and Noncommutative Geometry, Guillermo Cortifias et al. (eds.)

Classification of Algebraic Varieties, Carel Faber, Gerard van der Geer and Eduard Looijenga (eds.)



Surveys
in Stochastic
Processes

Jochen Blath
Peter Imkeller
Sylvie Reelly

Editors

Nl éuropean\]\/tathematical \Yociety



Editors:

Jochen Blath

Institut fir Mathematik
Technische Universitat Berlin
StraBe des 17. Juni 136
10623 Berlin

Germany

blath@math.tu-berlin.de

Peter Imkeller

Institut fir Mathematik
Humboldt-Universitat zu Berlin
Unter den Linden 6

10099 Berlin

Germany

imkeller@math.hu-berlin.de

Sylvie Reelly

Institut fir Mathematik der
Universitat Potsdam

Am Neuen Palais, 10
14469 Potsdam

Germany

roelly@math.uni-potsdam.de

2010 Mathematics Subject Classification: Primary: 60-06, Secondary 60Gxx, 60Jxx

Key words: Stochastic processes, stochastic finance, stochastic analysis,statistical physics, stochastic
differential equations

ISBN 978-3-03719-072-2

The Swiss National Library lists this publication in The Swiss Book, the Swiss national bibliography,
and the detailed bibliographic data are available on the Internet at http://www.helveticat.ch.

This work is subject to copyright. All rights are reserved, whether the whole or part of the material

is concerned, specifically the rights of translation, reprinting, re-use of illustrations, recitation,
broadcasting, reproduction on microfilms or in other ways, and storage in data banks. For any kind of
use permission of the copyright owner must be obtained.

© 2011 European Mathematical Society
Contact address:

European Mathematical Society Publishing House
Seminar for Applied Mathematics

ETH-Zentrum FLI C4

CH-8092 Ziirich

Switzerland

Phone: +41 (0)44 632 34 36
Email: info@ems-ph.org
Homepage: www.ems-ph.org

Typeset using the authors’ TX files: I. Zimmermann, Freiburg
Printing and binding: Druckhaus Thomas Miintzer GmbH, Bad Langensalza, Germany
o Printed on acid free paper

987654321



Preface

In this volume many of the plenary lecturers of the 33rd Conference on Stochastic
Processes and Their Applications present their personal snapshots of recent important
developments that they have been involved in within the area of stochastic processes
and their applications. Thisreflectstheidealeading usto compose thiscongressreport:
to present a collection of survey type articles that offer aglimpse of the state-of-the-art
inmany of the promising and thriving fields of the area of stochastic processesand their
applications at the moment this SPA conference was held.

One of our hopes is that this collection may help young scientists in setting up
research goals in the wide scope of fields represented in this volume.

To our knowledge, thisis the first time that proceedings of an SPA conference has
been published. The ideafor this volume grew among the organizers in Spring 2009,
and after ameeting with Professor Marta Sanz-Soléfrom the Bernoulli Society in Berlin
and upon approval by both the CCSP* and the publishing committee of the Bernoulli
Society we decided to go ahead with it. Asaparticularly welcome effect of thisvolume
we could imagine starting a tradition for forthcoming SPA events.

We wish to thank all contributing plenary speakers, anonymous referees and the
EMS publishing house for making this volume possible.

On behalf of the 33rd SPA organizing committee: Enjoy reading!

Berlin and Potsdam, June 2011 Jochen Blath
Peter Imkeller
Sylvie Rodly

L*Committee for conferences on stochastic processes’ of the Bernoulli Society.
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The 33rd SPA Conference 2009

The 33rd Conference on Stochastic Processes and Their Applications (SPA) was held
in Berlin from July 27 through July 31, 2009, with more than 600 participants from 49
countriest.

The conference continued a successful series of SPA conferencesin this prospering
field of mathematics, whichisboth reflected in the growing number and internationality
of participants, as well as in the size of the program and the recognition for the field
within mathematics.

One indication of this might be seen in the felicitous fact that one of the plenary
speakers, Professor Stanislav Smirnov from Geneva, was awvarded with aFields Medal
in 2010.

The main aim behind the selection of the 20 plenary lectures at this conference
was to give an overview of recent developments in the rich current active research
fields in Stochastic Processes and Their Applications, in particular aimed at younger
participants. They were also chosen to reflect the variety of the current probability
community with respect to research topics, scientific age and diversity with respect to
geography and gender. We think that this has worked very well, and hence our thanks
go to the members of the scientific committee (see below).

We particularly encouraged young researchers and researchers from developing
countriesto participate. More than 300 talks and 40 poster presentations, many of them
by young participants, reflected the vibrancy of the field and provided an international
forum for scientific and cultural exchange.

One further major aim of this conference was to make the stochastic processes
community feel at home. Hence, we put particular emphasis on the social and public
program of the conference, a few highlights of which we would like to report about
briefly here.

During areception in the ‘Lichthof’ of TU Berlin on the first evening of the con-
ference, following a welcome address by Staatssekretér Dr. Hans-Gerhard Husung
on behalf of the Senate of the State of Berlin, Professor Alice Guionnet from Lyon
was announced as winner of the 2009 Loéve prize. The elegant musical background
throughout the reception was provided by a classical trio with direct linksto the proba
bility community, namely Alice Adenot-Meyer? (Mezzo-Soprano), Thérése Dourdent
(Piano) and Professor Sylvie Radly (Cello). Professor Ruth Williams from San Diego
provided a personal obituary, remembering the recently deceased Professor Kai Lai
Chung (1917 -2009).

On the second evening, Professor Marc Wouts from Paris was awarded with the
It6-Prize. The sad occasion of the recent passing away of one of the most influential
probabilists, Professor Kiyoshi 1t6 (1915—2008), was remembered by atouching and

1Detailed conference information can be found at www.math.tu-berlin.de/SPA2009
2 Alice Adenot-Meyer is adaughter of Paul-André Meyer
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charming presentation of his life and work by Professor Masatoshi Fukushima from
Osaka.

A large part of the evening was devoted to the work and tragic life of the Berlin-
born mathematician Wolfgang Déblin. Wolfgang Déblin (1915 —1940) was the second
son of the famous Jewish-German novelist Alfred Déblin (‘ Berlin Alexanderplatz’), an
eminent figure in German intellectua life during the Weimarer Republik. In 1933, his
family escaped the Nazisto Paris, whereWolfgang became a French citizen and studied
probability at the Institut Henri Poincaré. He wrote a brilliant dissertation under the
supervision of Maurice Fréchet in 1938. One year later, Wolfgang D&blin was drafted
for French military service. In May 1940, facing imminent capture by the Wehrmacht,
he took his own life in Housseras (Vosges, France). Before, however, he was able to
mail his last mathematical manuscript “ Sur I’ éguation de Kolmogoroff” in a sealed
envel ope to the A cadémie des Sciences, which remained unopened for 60 years. It has
only recently been discovered and investigated by Bernard Bru and Marc Yor, and it
turned out that it contains spectacular results, in particular related to the work of 1t6.

The screening of arecent documentary on Wolfgang Doblins life and mathematical
legacy in the presence of the filmmakers Agnes Handwerk and Harry Willemsfollowed
an introduction to his mathematical work and life by Professor Hans Folimer.

Figure 1. During the Monday reception at TU Lichthof.

The success of this conference would not have been possible without the tireless
commitment of many people. First, we wish to thank al plenary, invited session and
contributed session speakers and the poster presentersfor their scientific contributions.
Wefurther wishto thank the scientific committee and the representatives of theBernoulli



The 33rd SPA Conference 2009 Xi

Saciety, in particular Professors Ruth Williams and Marta Sanz-Sol é, for all their effort,
dedication and advice. Many students, staff and faculty at TU Berlin, HU Berlin and
U Potsdam contributed greatly to the smooth running of this conference. A specia
heartfelt ‘thank you' goes to Ms Jean Downes, running the conference secretariat.
The TU Berlin and its Mathematical Institute provided support in many ways — we
particularly thank the TU President Professor Kurt Kutzler. Finally, thanks go to the
‘TU Servicegesellschaft’ and in particular to Ms Lisa Hertel.
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Optimal switching, systems of reflected BSDESs
and systems of variational inequalitieswith
inter-connected obstacles

Said Hamadeéne

1 Introduction

Optimal control of multiple switching models arise naturally in many applied disci-
plines. The pioneering work by Brennan and Schwartz [3], proposing a two-modes
switching model for the life cycle of an investment in the natural resource industry, is
probably first to apply this special case of stochastic impulse control to questions related
to the structural profitability of an investment project or an industry whose production
depends on the fluctuating market price of a number of underlying commodities or as-
sets. Within this discipline, Carmona and Ludkosvki [5] suggest a multiple switching
model to price energy tolling agreements, where the commodity prices are modeled as
continuous time processes, and the holder of the agreement exercises her managerial
options by controlling the production modes of the assets. All these applications seem
agree that reformulating these problems in a multiple switching dynamic setting is a
promising (if not the only) approach to fully capture the interplay between profitability,
flexibility and uncertainty.

The optimal two-modes switching problem is probably the most extensively studied
in the literature starting with above mentioned work by Brennan and Schwartz [3], and
Dixit [10] who considered a similar model, but without resource extraction — see Dixit
and Pindyck [11] and Trigeorgis [30] for an overview, extensions of these models and
extensive reference lists. Brekke and @ksendal [1] and [2], Shirakawa [27], Knudsen,
Meister and Zervos [24], Duckworth and Zervos [12] and [13] and Zervos [31] use
the framework of generalized impulse control to solve several versions and extensions
of this model, in the case where the decision to start and stop the production process
is done over an infinite time horizon and the market price process of the underlying
commodity is a diffusion process, while Trigeorgis [29] models the market price process
of the commodity as a binomial tree. Hamadéne and Jeanblanc [20] consider a finite
horizon optimal two-modes switching problem in the case of Brownian filtration setting
while Hamadene and Hdhiri [19] extend the set up of the latter paper to the case where
the processes of the underlying commodities are adapted to a filtration generated by a
Brownian motion and an independent Poisson process. Porchet et al. [26] also study
the same problem, where they assume the payoff function to be given by an exponential
utility function and allow the manager to trade on the commaodities market. Finally, let
us mention the work by Djehiche and Hamadeéne [8] where it is shown that including
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the possibility of abandonment or bankruptcy in the two-modes switching model over
a finite time horizon, makes the search for an optimal strategy highly nonlinear and is
not at all a trivial extension of previous results.

An example of the class of multiple switching models discussed in Carmona and
Ludkovski [5] is related to the management strategies to run a power plant that converts
natural gas into electricity (through a series of gas turbines) and sells it in the market.
The payoff rate from running the plant is roughly given by the difference between the
market price of electricity and the market price of gas needed to produce it.

Suppose that besides running the plant at full capacity or keeping it completely off
(the two-modes switching model), there also exists a total of m—2 (m > 3) intermediate
operating modes, corresponding to different subsets of turbines running.

Let ¢;; and \; denote respectively the switching costs from state i to state j, to
cover the required extra fuel and various overhead costs and the payoff rate in mode i.
A management strategy for the power plant is a combination of two sequences:

(i) a nondecreasing sequence of stopping times (z,),>1, Where, at time t,, the
manager decides to switch the production from its current mode to another one;

(ii) a sequence of indicators (£,),>1 taking values in {1,...,m} of the states the
production is switched to. At t,, for n > 1, the station is switched from its current
mode &,—1 to &,. The value & is deterministic and is the state of the station at time 0.

When the power plant is run under a strategy ¥ = ((74)n>1, (€4)n>1), Over a finite
horizon [0, T], the total expected profit up to 7" for such a strategy is

T
J(E’ l) = IE|:\/O‘ Z (\Ijén (S)]l(fl1sfn+1](s)) ds — ngn—lagn (Tn)ﬂ[fn<T]i|’

n>0 n>1

where we set tp = 0 and & = i. The optimal switching problem we will investigate
is to find a management strategy X* such that J(X*,i) = supy, J(X2,7). This latter
guantity is nothing else but the price of the power plant in the market.

We first provide a Verification Theorem that shapes the problem, via the Snell
envelope of processes. We show that if the Verification Theorem is satisfied by a vector

of continuous processes (Y1, ..., Y™) such that
. v .
Y} = esssup E[/ W;(s)ds + mgx(—z,-j (r) + Yr-’)l[r<T]|J’7t}, (1)
>t t JF1
Vi=1,...,m Vt < T,theneach Y/ is the value function of the optimal problem

when the system is in mode i at time ¢, i.e.,

T
Y} = esssup E[/ D (Y, () (pryi)®) ds = Y le, g, (f,,)n[mmm],
t

TeAl n>0 n>1

where A is the set of admissible strategies such that 7; > ¢ a.s. and & = i. An
optimal strategy X* is then constructed using the relation (1). Moreover, it holds that
Yy = supy J(2,0).
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The unique solution for the Verification Theorem is obtained as the limit of sequences
of processes (Y "), Where forany ¢ < 7', Y," is the value function (or the optimal
yield) from ¢ to T', when the system is in mode i at time ¢ and only at most n switchings
after r are allowed. This sequence of value functions will be defined recursively (see
(9) and (10)). As a by-product, we obtain also existence and uniqueness of the solution
of the system of backward stochastic differential equations (hereafter BSDES for short)
with oblique reflection (or inter-connected obstacles) associated with the switching
problem.

Inthe second part of this paper we deal with the optimal switching problem within the
Markovian framework. Actually we assume that the processes W; (resp. ¢;;) are given
by vi(z, X;) (resp. £;; (¢, X;)) where X is an It0 diffusion and v; (¢, x), €;; (¢, x) are
deterministic continuous with polynomial growth functions. Inthis case the Verification
Theorem of the switching problem can be expressed by means of a system of variational
inequalities with inter-connected obstacles. We prove existence of m deterministic
continuous functions v!(z, x),...,v™(z, x) such that for any i € {1,...,m}, Y} =
vi(t, X;). Moreover the vector (v',...,v™) is the unique viscosity solution of the
Verification Theorem system.

In the last part of the paper, we discuss the issue of existence and uniqueness of
the solution for general systems of BSDEs with oblique reflection. Those systems are
involved especially when dealing with optimal switching problems under Knightian
uncertainty (see e.g. [22] for more details). At the end, the question of numerics for
system of reflected BSDEs with oblique reflection, which is crucial for practitioners,
is introduced.

2 Formulation of the problem, assumptions and preliminary
results

Throughout this paper (2, ¥, P) will be a fixed probability space on which is defined
a standard d-dimensional Brownian motion B = (By)o<:<7 Whose natural filtration
is (F2 := o{By,s < t})o<i<r- L&t F = (F;)o<:<r be the completed filtration of
(&‘to)of,g with the P-null sets of . Hence ¥ satisfies the usual conditions, i.e., it
is right continuous and complete. Furthermore, let:

— &P be the o-algebraon [0, T'] x 2 of F-progressively measurable sets;

— MP* bethe set of #2-measurable and R¥-valued processes ¢ = (¢;),<r such that
the process (|¢:]7): <7 iS dt ® d P-integrable and $? be the set of 2-measurable,
continuous, R-valued processes ¢ = (¢;);<r such that E [SupOStsT €:17] < o0
(p > 1 is, throughout this paper, fixed);

— For any stopping time = € [0, T'], 77 denotes the set of all stopping times 6 such
thatt < 8 < T, P-a.s. Nextfor t € 7, we denote by F; the o-algebra of events
priortoz,i.e.,theset{A e ¥, ANt <teF Vt<T}

The finite horizon multiple switching problem can be formulated as follows. First
assume w.l.o.g that the plant is in production mode 1 at = Oandlet ¢ := {1,...,m}
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be the set of all possible activity modes of the production of the commodity. A man-
agement strategy of the project consists, on the one hand, of the choice of a sequence
of nondecreasing ¥ -stopping times (z,),>1 (1.€., Tn < t4+1) Where the manager de-
cides to switch the activity from its current mode, say i, to another one from the set
g7  C{l,...,i—1,i +1,...,m}. Onthe other hand, it consists of the choice of the
mode &, to which the production is switched at z,, from the current mode i. Therefore,
we assume that for any n > 1, &, is a random variable ¥;,-measurable with values
in 4.

Assume that a strategy of running the plant £ := ((tn)n>1. (€4)n>1) iS given. We
denote by (u;);<7 its associated indicator of the production activity mode at time
t €[0,T]. Itisgiven by

e = 1o, ) () + D Enl(eyzyi] (). )

n>1

The strategy X will be called admissible if it satisfies lim, o, 7, = T P-a.s. and the
set of admissible strategies is denoted by .

Now fori € &, let W; := (W;(¢))o<:<7 be a stochastic process which belongs to
MP-1, In the sequel, it stands for the payoff rate per unit time when the plant is in state
i. On the other hand, fori € ¢ and j € 77 let ¢;; := (£;;(¢))o<¢<T be a continuous
process of 7. It stands for the switching cost of the production at time ¢ from its
current mode i to another mode j € ¢~*. For completeness we adopt the convention
that ¢;; = +ooforanyi € gand j € § — ¢~ (j # i). This convention is set in
order to exclude the switching from the state i to another state ; which does not belong
to ¢~*. Moreover we suppose that there exists a real constant y > 0 such that for any
i,j € g andanyt < T, {;;(¢t) > y. This assumption means that switching from a
state to another one costs at least y.

When astrategy ¥ := ((zn)n>1, (€x)n>1) iS implemented the optimal yield is given

by

T
J(E) = J(1,5) = E[ [ o=t (rnm[f,,m] (o =1).

n>1
We can now formulate the multi-regime switching problem as follows.

Problem. Find a strategy ~* = ((t,;)n>1. (§;)n>1) € s such that

J(Z*) = sup J(2).
Yeh

An admissible strategy X is called finite if, during the time interval [0, T'], it al-
lows the manager to make only a finite number of decisions, i.e., Plw, ty(w) <
T, forall n > 0] = 0. Hereafter the set of finite strategies will be denoted by 7.
The next proposition tells us that the supremum of the expected total profit can only be
reached over finite strategies .
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Proposition 2.1. The suprema over admissible strategiesand finite strategies coincide:

sup J(X) = sup J(X).
YeA TeAS

Proof. If T is an admissible strategy which does not belong to A7, then J(Z) = —oo.
Indeed, let B = {w, t,(w) < T, forall n > 0} and B¢ be its complement. Since
Y € A\ A/, then P(B) > 0. Recall that the processes ¥; belong to M?:! (with
p > 1). Therefore,

J(2) = E[/OT max 9 ()| ds]
_]E[{ Zﬁsn_l,sn(rn)}ﬂg + {Zﬁsn_l,sn (Tn)n[rnd]}ﬂm] — o,

n>1 n>1

since forany t < T andi,j € ¢, {;;(t) > y > 0. This implies that J(X) = —oo and
then (2.1) is proved. O

We finish this section by introducing the key ingredient of the proof of the main
result, namely the notion of Snell envelope of processes and its properties. We refer to
El Karoui [16], Cvitanic and Karatzas [6], Appendix D in Karatzas and Shreve [23] or
Hamadéne [18] for further details.

2.1 The Snell envelope. In the following proposition we summarize the main results
on the Snell envelope of processes used in this paper.

Proposition 2.2. Let U = (U;)o<: <1 bean F-adapted R-valued cadlag process that
belongs to the class [D], i.e., the set of random variables {U,, t € Ty} is uniformly
integrable. Then, thereexistsan ¥ -adapted R-valued cadlag process Z := (Z;)o<¢t<T
such that Z is the smallest super-martingale which dominates U, i.e., if (Z;)o<;<T iS
another cadlag supermartingale of class [D] suchthatforall 0 < ¢t < T, Z, > U,
then Z, > Z, forany 0 <t < T. Theprocess Z is called the Shell envelope of U.
Moreover it enjoys the following properties:

(i) For any & -stopping time 6 we have

Zg = esssup E[U;|Fy] (andthen Zr = Ur).

‘L’ETQ

(if) The Doob—Meyer decomposition of Z implies the existence of a continuous mar-
tingale (M;)o<:<7 and two nondecreasing processes (A;)o<t<7 and (B;)o<r<T
which are respectively continuous and purely discontinuous predi ctabl e such that
for all t € [0, T1,

Zt =Mt_Al‘_Bt (W|thA():B() =0)

Moreover, forany0 <t < T,{A;B >0} C{A,U <0} N{Z;,— = U;_}.
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(iii) If U has only positive jumps then Z is a continuous process. Furthermore, if 6
isan ¥-stopping time and z; = inf{s > 0, Z; = Us} A T then 7 is optimal
after 6, i.e.,

Zg = E[Zx|Fg] = E[Upx|Fg] = ess sup E[U|F5].
=

(iv) If (U™),>0 and U are cadlag, of class [D] and such that the sequence (U"),>0
converges increasingly and pointwisely to U then (Z U"),,Zo converges increas-
ingly and pointwiselyto ZY; ZU» and ZU arethe Shell envel opes of respectively
U, and U. Finally, if U belongsto §? then ZY belongsto §7.

For the sake of completeness, we give a proof of the stability result (iv), as we could
not find it in the standard references mentioned above.

Proof of (iv). Since, for any n > 0, U" converges increasingly and pointwisely to U,
it follows that forall ¢ € [0, T7, Z,U” < ZU P-as. Therefore, P-a.s., forany ¢ € [0, T,
ILm Z,U" < Z,U. Note that the process ( lim ZtU"')OSIST is a cadlag supermartingale
gf gfass [D], since it is a limit of a nondré:rcé%sing sequence of supermartingales (see
e.g. Dellacherie and Meyer [7], pp. 86). But U" < ZU» implies that P-a.s., for all
t €[0.7], Uy < lim zZU". Thus, ZzV < lim ZY" since the Snell envelope of U
is the lowest supermartingale that dominates U. It follows that P-a.s., forany ¢t < T,
lim zU" = zU, whence the desired result. O

n—>oo

Assume now that U belongs to 7. Since, forany0 <t < T,

—E[ sup |Usl|%:] < U <E[ sup |Usl|%:].

0<s<T 0<s<T

using the Doob—Meyer inequality, it follows that ZY also belongs to §2.

3 A Verification Theorem

In terms of a Verification Theorem, we show that this switching problem is reduced to
the existence of m continuous processes Y !, ..., Y™ solutions of a system of equations
expressed via Snell envelopes. The process Y/, for i € g, will stand for the optimal
expected profit if, at time ¢, the production activity is in the state i. So for 7 an
¥ -stopping time and (¢;)o<:<7, ({})o<:<T tWo continuous ¥ -adapted and R-valued
processes let us set

D¢ =¢):=inf{s > 0,8 =3 AT
We have the following:

Theorem 1 (Verification Theorem). Assumethereexistm processes(Y' := (Y)o<i<r,
i =1,...,m) of §7 that satisfy (1). Then:
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()
Yy = sup J(2). (3)
YeA

(i) Define the sequence of & -stopping times (t,)»>1 by

11 = Do(Y' = max (—€y; +Y7)) (4)
jeg!
and, for n > 2,
T = Dy, _, (Y‘fﬂ—l = max (—lg,_,x+ Yk)), (5)
keg&n—1
where
6= Z J 11{maxkeg_l (~Lix @) +YE )=—1; ) Y7, )
j€d
eforanyn > lands > 1,, Y5 = Zﬂ[sn=/’]in

JEF
eforn > 2, &, = [ onthe set

{ max (=Lle, k(ta) + YX) = —tg, 1(mn) + Y]},

ke{,’_gn—l
where
e,k (ta) = D T, =1l () and g5 =3 "1, =977
jegd Jj€

Then, the strategy ~* = ((t4)n>1, (n)n>1) iSOptimal, i.e, J(£*) > J(v) for
any v € A.

(iii) The m-uplet of processes (Y'!,...,Y™) isunique.

Proof. Let us begin with points (i) and (ii).
Assume that at the initial time + = 0 the system is in mode 1. Forany ¢ < T, we
have

t T
Ytl +/ Wy (s)ds = esssup IEJ[/ Wy(s)ds + max1 (=L (r) + Yr.i)]l[,<T]|37,]
0 0 JEF~

>t

But Y, is Fo-measurable, therefore it is P-a.s. constant and then Y,' = E[Y,'].
On the other hand, according to Proposition 2.2 (iii), 7; as defined by (4) is optimal,
and

§1= Zg‘]]l{maxkeg—l(_Klk(fl)'i‘yrkl)=_£1j(771)+Yrj1}.
je
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Therefore,
71 )
YOI =K |:/ v, (S)dS + max (—ﬁlj (‘L’l) + Ytjl)]l[r1<T]:|
0 jeg—1

=E [/0 ! Wi(s)ds + (=g, (11) + Yfll)]l[er]} ) ()

Next, we claim that P-a.s. forevery t; <r < T,

T
Yf‘ = esssup E[[ We, (s)ds + maé (—Lg, j () + YTJ)]I[,<T]|%]. @)
t jegd =51

>t

To see this, remark that Eq. (1) means that the process (Y/ + fO’ W;(s)ds)i<r IS @
supermartingale which dominates

t .
{ f Wi (s)ds + max (—8i; (1) + ¥{)lg=qy. 0 <1 < T}.
0 jeg!

Since ¢ is finite, the process Zieg L, =i (Yti + ff} v; (s)ds), fort > 7y, is a super-
martingale which dominates

t .
> L= (/ Wils)ds + max (=i (1) + Yt’)ﬂ[Kn) :
T

ied 1

Thus the process Yf‘ +fr’l e, (s)ds, fort > 1y, is a supermartingale which is greater
than

t .
[ W, (s)ds + max (—Lg,;(t) + Y/ )lp<r.
71 jeg—&

To complete the proof it remains to show that it is the smallest one which has this
property and use the characterization of the Snell envelope given in Proposition 2.2.
Indeed, let (Z;),e[0,77 be a supermartingale of class [D] such that for any ¢ > 7y,

t .
Z > / W, (s)ds + max (—Lg, ;(6) + ¥ ) lp<r).
T ng_El

1
It follows that for every t > 14,
t .
Zilig =i = 1jg =i ([ Wi (s)ds + ,@;}.(—@ij(t) + Y/)]l[rm) :
T1 J !

But the process (Z;1[¢, =i])¢e[o,7] 1S @ supermartingale for ¢+ > t; since 1jg, —;] is
Fr,-measurable and non-negative. Again with (1) it follows that for every ¢ > 1,

t
Lig, =i1Zs = 1pg, =i (Yt’ +/ ‘Pi(S)ds).
T

1
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Summing over i, we get for every ¢ > 11,

t
Z, > YE 4 / We, (s)ds.

T1

Hence, the process Yf‘ + fT’] We, (s)ds, t > 1y, is the Snell envelope of

t .
/ \I’EI (s)ds + max (—Zglj(t) + Ytj)]l[t<T],
T jeg=
whence Eq. (7).

Now from (7) and the definition of =, in Eq. (5), we have

) '
Yfll = ]E|:/ \1151 (s)ds + .n;aél (—@glj(l'z) + Yé)ﬂ[r2<T]|?}l:|
T JEZ ™

1

L)
=E [ / We, (5)ds + (=L, (12) + Yfzz)ﬂ[r2<T]|37rl] :
T

1

Setting this characterization of Yfll in (6) and noting that 1[;, <7 is Fz,-measurable, it
follows that

71
YJ:IE[() \Ifl(s)ds—ﬁlgl(fl)ﬂ[nd]]

%)
+E [/ W, ()dsl, <11 — Ley &, (T2) U [rp <1 + Yffﬂ[rzd]}
T

1

1)
=E / ‘Pus(S)ds—ﬁlsl(fl)ﬂ[mT]—Kslsz(fz)ﬂ[rzdl+Y€2ﬂ[n<ﬂ]
0

since [t < T] C [t1 < T]. Repeating this procedure n times, we obtain
T n
E[/ Wy, ($)ds — > e, e, () <1 + Yffﬂ[md]].
(1] :
j=1

Butthe strategy (t,)n>1 is finite, otherwise Y,! would be equal to —oco since £;; > y > 0
contradicting the assumption that the processes Y/ belong to $ 7. Therefore, taking the
limit as n — oo we obtain Y, = J(Z*).

To complete the proof it remains to show that J(X*) > J(v) for any other finite
admissible strategy v := ((6n)n>1, ({n)n>1) (to = 0and &y = 1). The definition of
the Snell envelope yields

01 ;
Y > E[[ W, (s)ds + max (=15 (01) + ngl)]l[91<T]i|
0 JeF™

01
> E[[ Wy (s)ds + (=1, (01) + Yei‘)ﬂ[eldl]'
0
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But once more using a similar characterization as (7), we get

92 /
Yecll > E[[ e, (s)ds + _g;gl (=€, (02) + Y52)1[92<T1}5‘791}
J

1

02
= E|:/ We, (s)ds + (_El'lfz(@z) + YG?)H[92<T]|‘(FGC|'

01

Therefore,
01
v) = E[ [ wisras e, (el)ﬂ[mm]
0

0>
+E []1[91<T] [ Wi, (s)ds — Ly g, (02) 119, <) + Yeizﬂ[92<T]]

1

0>
= E[/ Wy, (9)ds — Lig, (00119, <11 — L5y, (02) 110, <17 + Yeizﬂ[92<T]]’
0

where vg, s < T, is the indicator of the mode of the plant at s associated with the
strategy v (see (2)). Repeat this argument » times to obtain

On n
Yol > E|:/ W, (s)ds — Zefj—lfj (9]’)]1[9]-<T] + Y9€?1[911<T]i|'
0 .
j=1

Finally, thanks to the dominated convergence theorem, taking the limit as n — oo
yields

T
Yy > IE[ /0 Wy, (s)ds — > e,z (ej)ﬂ[gjd]] = J(v)

Jj=1

since the strategy v is finite. Hence, the strategy X* is optimal.

Next, in order to prove uniqueness of the m-uplet (Y'!, ..., Y™) itis enough to show
that Y/, as defined by (1), is nothing but the expected total profit or the value function
of the optimal problem, given that the system is in mode i at time . More precisely
we have

T
Y! = ess sup IE|:/ Wy, (s)ds — 265/7151 (r_,-)ﬂ[tj<T]|37t:|, t<T, (8)
TeA]! ! jz1

where A,f” is the set of finite strategies such that 7; > ¢, P-a.s. and u; = i (at time
t the system is in mode i). The proof of this claim is obtained in the same way as we
did above. This characterization implies in particular that the processes Y'!,..., Y™
are unique. The proof is now complete. O
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4 Existence of the processes (Y1,...,Y™)

We will now establish existence of the processes (Y'!, ..., Y™). They will be obtained
as a limit of a sequence of processes (Y 17, ..., Y™"), -, defined recursively by means
of the Snell envelope notion as follows:

Fori € ¢, letusset, forany0 <t < T,

0 _ r , 7 | _ ‘ .
Y, —]E|:/(; \IJ,(s)ds|f,:| /(;\I/,(s)ds, 9)

i T t
Ytl’n = eSS Ssup E[/ v; (s)ds+km;1x‘(—Eik(r)+Yrk’”_1)]1[t<T] |\?7ti|_/ W; (s)ds.
0 ed—t 0

>t

and forn > 1,

(10)
In the next proposition we collect some useful properties of ybrn . Y™ In par-
ticular we show that the limit processes ¥ := lim Y " exist and are onIy cadlag but

n—>oo
have the same characterization (1) as the Y'i’s. Thus the existence proof of the Y ’s will
consist in showing that Y*’s are continuous and hence satisfy the Verification Theorem.
This will be done in Theorem 2 below.

Proposition 4.1. (i) For eachn > 0, theprocessesY I'* ... Y™" are continuousand
belongto $7.

(ii) For any i € ¢, the sequence (Yi ")n=>0 converges increasingly and pointwisely
P-as. forany0 <7 < T andin MP:1 toacadlag processes Y. Moreover these limit
processesY’ (Y No<i<T,i = 1,...,m, satisfy the following:

(a) [sup 1Y/ 1P] < c0,i € 4.

0<t<T

(b) Forany 0 <t < T we have,

Y7 = esssup E[/ W, (s)ds + max (—ix (1) + ﬁk)ﬂ[KT]}?,}.
keg—!

>t t

Proof. (i) Let us show by induction that for any n > 0 and every i € ¢, Y ¢
SP. For n = 0 the property holds true since we can write Y*? as the sum of a
continuous process and a martingale w.r.t. to the Brownian filtration. Therefore Y0
is continuous and since the process (¥;(s))o<s<7 belongs to MP:!, using Doob’s
inequality, we obtain that Y-° belongs to § 7. Suppose now that the property is satisfied
for some n. By Proposition 2.2, for every i € ¢ and up to a term, Y*"*1 is the Snell
envelope of the process (fO’ Wi (s)ds + maxgeq—i (—4ix (1) + Y,k’”)]l[KT])OStST. But

max (—€x (1) + Y,k’”)| < 0 because ¢;; > y and Y}”k = 0, then the process
keg—t =

(max (—Lix(t) + Y,k’”)ﬂ[KT]),ST is continuous on [0, T'[ and have a positive jump
keg—t
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at T since Y”* is continuous. Hence Y *1 is continuous (Proposition 2.2 (iii)) and
belongs to $7. This shows that, foreveryi € ¢, Y*" € §? foranyn > 0.
(ii) Let us now set

A" = {2 = (t)nz1, En)nz1) € A (0 =0, fo = i), 11 = rand 1,41 = T}.

Using the same arguments as the ones of the Verification Theorem 1, the following
characterization of the processes Y*-" holds true:

. T n

Y/ = esssup EU Wy, (5)ds =Y L, (rj)n[,j_d]m]. (11)
TeAl” 4 j=1

Since A" C A;""!, we have P-as. forall ¢ € [0, 7], ¥, < ¥;"*" thanks to the

continuity of Y'*". Using once more (11) and since ¢;; > y > 0, we obtain for each

ieg:
) T
YO<t<T, Y/ < E[/ _max |‘Il,-(s)|ds|37,}. (12)
¢ i=l,...m

Therefore, for every i € ¢, the sequence (Y "), is convergent and then let us set
Y} := lim Y,/ fort < T. The process Y' satisfies
n—oQ

.....

. ~ T
Y0 < 7 < E[/ _max |\Pi(s)|ds|?7,], 0<t=<T. (13)
; I= m

Let us now show that Y' is cadlag. Actually, for eachi € ¢ and n > 1, by Eq. (10),
the process (Y, + f(f W; (s)ds)o<t<7 is a continuous supermartingale. Hence its
limit process (17} + fO’ W; (s)ds)o<:<T IS cadlag as a limit of increasing sequence of
continuous supermartingales (see Dellacherie and Meyer [7], pp. 86). Therefore ¥
is cadlag. Next using (13), the L?-properties of ¥; and Doob’s Maximal Inequality
yield, foreach i € ¢,
E[ sup [¥/|?] < cc.
0<t<T

By the Lebesgue dominated convergence theorem, the sequence (Y ?"),~¢ also con-
verges to Y in M7-1.

Finally, the cadlag processes Y, ..., Y™ satisfy Eq. (1), since they are limits of
the increasing sequence of processes Y, i € ¢, that satisfy (10). We use Proposi-
tion 2.2 (iv) to conclude. O

We will now prove that the processes Y1, ..., Y™ are continuous and satisfy the
Verification Theorem 1.

Theorem 2. Thelimit processes Y'!, ..., Y™ satisfy the Verification Theorem.
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Proof. Recall from Proposition 4.1 thatthe processes Y1, . .., ¥ are cadlag, uniformly
LP-integrable and satisfy (1). It remains to prove that they are continuous.

Indeed note that, for i € ¢, the process (Yf + f(; W; (s)ds)o<:<r iS the Snell
envelope of

t
(/ W; (s)ds + max.(—ﬁ,-k(t) + Ytk)ﬂ[,<T])
0 keg—!

0<t<T

Of course the processes (fot v; (S)ds)0§t§T are continuous. Therefore from the prop-
erty of the jumps of the Snell envelope (Proposition 2.2 (ii)), when there is a jump of ¥
at ¢+ (which is necessarily negative), there is a jump, at the same time z, of the process
(Mmaxgeg—i (—Lik(s) + fsk))ogssT- Since ¢;; are continuous, there is j € ¢~ such
that A, ¥/ <0and ¥/ = —£;(r) + ¥/

Suppose now there is an index i; € ¢ for which there exists ¢ € [0, T'] such that
Atf""l. < 0. Thisimplies that there exists another index i, € g~ suchthat A, Y2 < 0
and ¥/1 = —£;,;,(t) + Y;2. But given i, there exists an index i3 € g2 such that
A Y3 < 0and Y2 = —£;,;,(r) + Y,2. Repeating this argument many times, we
get a sequence of indices iy, ...,i;,--- € ¢ that have the property that iy € g1,
A Y <0and V5! = ;i (1) + Y/%

As ¢ isfinite there exist two indicesm < r suchthati,, = i, andip, im+1,...,ir—1
are mutually different. It follows that

?l‘iin = _Eimim+l (t) + ?ZZH‘] = _gimim—',-l ([) - Eim+lim+2 (l) + ?l’—T’+2
= ... = _eimim+1 (l‘) —_— e — Zirflir (t) + )’7[11.
As i,, = i, we get
_eimim_t,_] (t) -t gir_lir (t) =0

which is impossible since forany i # j,all0 <t < T, {;;(t) > y > 0. Therefore
there isno i € ¢ for which there isa ¢ € [0, T] such that A, Y? < 0. This means that

the processes Y, ..., Y™ are continuous. Since they satisfy (1), then by uniqueness,
Yi =Y foranyi € g. Thus, the Verification Theorem 1 is satisfied by Y'!, ... Y™,
O

Remark 1. As an immediate consequence of Dini’s theorem and the Lebesgue domi-
nated convergence theorem, it holds true that

Vied, E[sup|Y)"—Y/I’] >0 asn— +cc.

s<T

5 Connection with systems of BSDEs with oblique reflection

In this section we take p = 2. Next let us introduce the notion of a reflected backward
stochastic differential equation. For this let us consider:
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(i) f:]0,T] x @ x R'*4 — R such that the process (f(¢,®,0,0)),<r belongs
to M?:! and the mapping (y.z) — f(t, . y,z) is Lipschitz continuous uniformly in
(1, w);

(ii) £ a square integrable #7-measurable random variable;

(iii) S := (S;):<r a process of §2 which satisfies also S7 < £, P-a.s.

Then we have the following result related to the existence and uniqueness of a solution
of the reflected BSDE associated with (f, &, S).

Theorem 3([17], Thm. 5.2). Thereexistsauniquetripleof processes (Y;, Z;, K;):<T
with valuesin R1+¢+1 such that

Y,K € §2and Z € M*?; K isnon-decreasing and K, = 0,
Yy=¢+ )] f0.Y,.Z,)dr — [T Z,dB, + K1 — K,. ¥s <T. (14)
Yy > S,, Vs <Tand [ (Y, — S,)dK, = 0.

Moreover the following characterization of the process Y as a Shell envelope holds
true:

T
Vs <T, Yy = esssup rETSE[/ f(r, Yr,Z,)dr—}-S,]l[KT]+E]1[,=T]|?si|. (15)
S

Therefore from (15) and Theorem 2 we have the following result related the solution
of the system of BSDEs obliquely reflected associated with the switching problem.

Theorem 4. There exist processes (K, Z1),i € ¢, suchthat thetriples (Y, Zi, K?),
i € ¢, isthe unique solution of the following system of oblique reflected BSDES:
Vi € ¢,

Y, K' e §2and Z € M>; K" isnon-decreasing and K, = 0,

Y/ = [T Wi(r)dr — [T ZLdB, + K. — K!, ¥s <T (Yi =0);

Y} > max (—4;(s) + Y{), Vs <T, (16)
jeg

foT(Yri - _m;X.(—Eij (r) + Yrj))dKi =0.
jeg

6 The Markovian framework of the optimal switching problem
and itsassociated system of variational inequalities

6.1 Preliminaries. Let us introduce the following deterministic functions:

(i)b: [0, T]xRF - R*¥ando: [0, T] x R¥ — R¥*4 are two continuous functions
and there exists a constant C > 0 such that forany ¢ € [0, T] and x, x’ € R*

Ib(t, x)| + |o(t, x)| < C(1 + |x|) and

lo(t,x) —o(t,x")| + |b(t,x) —b(t,x")| < Clx — x'|. (17)
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(iiyFori,j e g ={1,...,m} £;: [0, T]xR¥ — Randy;: [0, T]xR¥ — Rare
continuous functions and of polynomial growth, i.e., there exist some positive constants
C and A such that for each 7, j € ¢,

[Wi (2, x)| + |€i; (£, x)] < C(A + |x|*),  V(t,x) € [0, T] x R,

Moreover we assume that there exists a constant y > 0 such that for any (¢, x) €
[0, T] x R¥,

min{t;;(t,x).i,j € g, i #j}>7. (18)

We now consider the following system of m variational inequalities with inter-
connected obstacles: V i € ¢,

min {v; (£, x) — max (—;; (1, x) + v;(t, x));
VA S

—8,vi (1, x) — AV (£, X) — Vi (1, %)} = 0, (19)
vi (T, x) =0,
where, for the sake of simplicity, we take ¢~ := ¢ — {i} and A is the following
infinitesimal generator:
1
A= Zk(ooﬁii(t,x)aiix, + Zk bi (£, %), (20)
i,j=1, i=1,

here the superscript “T” stands for the transpose. This system is the deterministic
version of the Verification Theorem associated with the optimal switching problem in
the Markovian framework.

The main objective of this part is to focus on the existence and uniqueness of the
solution in viscosity sense of (19) whose definition is as follows:

Definition 1. Let (vy,..., vy,) be am-uplet of continuous functions defined on [0, T'] x
R¥, R-valued and such that v; (T, x) = 0 forany x € R¥ andi € g. The m-uplet
(v1,...,vy) is called:

(i) a viscosity supersolution (resp. subsolution) of the system (19) if for each fixed
i € g, forany (o, xo) € [0, T] x R¥ and any function ¢; € C2([0, T] x R¥)
such that ¢; (¢9, x0) = v; (¢, x0) and (fo, xo) is a local maximum of ¢; — v; (resp.
minimum), we have

min {Ui (to, x0) — 'm;x_ (—Lij (to, x0) + vj (2o, X0)),
jed!

(21)
— 3:¢i(t0, X0) — Api(to, X0) — Vi(t0. x0)} = 0 (resp. < 0);

(if) a viscosity solution if it is both a viscosity supersolution and subsolution.
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Let (¢, x) € [0, T] x R¥ and let (X™*);<7 be the solution of the following standard
SDE:

dX!* = b(s, X*)ds + o (s, X¥)dBs fort <s < T, and X!* = x fors <1, (22)

where the functions » and o are the ones of (17). These properties of ¢ and b imply in
particular that the process (Xst’x)()gsgr solution of the standard SDE (22) exists and is
unique, for any ¢ € [0, 7] and x € R¥. The operator + that is appearing in (20) is the
infinitesimal generator associated with X**.

In the following result we collect some properties of X%,
Proposition 6.1 (see e.g. [25]). The process X’-* satisfies the following estimates:
(i) For any g > 2, there exists a constant C such that
E[ sup [X;¥|9] < C(1+ [x]7). (23)

0<s<T

(ii) Thereexistsa constant C such that for any ¢’ € [0, T] and x, x’ € R,

E[ sup |X5*— XU Pl <+ xP)(x —x'P + e = 1). (24)
0<s<T 0

We are going now to make the connection between solutions of reflected BSDEs of
type (14) and viscosity solutions of variational inequalities.

For this we introduce deterministic functions ¢ : [0, T]xR¥*1+4 R h: [0, T]x
R*¥ — R and g: R¥ — R continuous, of polynomial growth and such that 4 (x, T') <
g(x). Additionally we assume that for any (z, x) € [0, T'] x R¥, the mapping (v, z) €
R'*4 > ¢(t, x, y, z) is Lipschitz continuous uniformly in (¢, x) € [0, T'] x R¥. Then
we have:
Theorem 5([17], Thm. 8.5). For any (¢, x) € [0, T] x R¥, let (Y**, Z"*, K'*) bethe
solution of the reflected BSDE associated with (¢(s, X5, v, 2), g(X5¥), h(s, Xi™)),
i.e,

Y&* K'* € §2 and Z* € M?>4; K" isnon-decreasing and K = 0,

Vi = g(Xp) + [ o Xp Y 27 dr — [ 20t B+ KT - K
s <T,
Y = h(s, Xe¥), Vs < Tand [ (Y)" — h(r, X2)dKE™ = 0.

Then there exists a deterministic continuous with polynomial growth function
u: [0,7] x R¥ — R such that for any s € [t,T], Y5 = u(s, X>). Moreover
the function u is solution in viscosity sense of the following variational inequality:
min{u(t, x) — h(t, x);
—0u(t,x) — Au(t,x) — f(t,x,u(t,x),o(t,x) " Vyu(t,x))} =0,
u(T, x) = g(x)
where V, isthe gradient w.r.t. x. O
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6.2 Existence of a solution for the system of variational inequalities (19). Let
(Y0 Y ) o<s<T be the processes that satisfy the Verification Theorem 1 in
the case when W; (s, ) = ¥; (s, X5 (w)) and £;; (s, w) = £;; (s, Xs* (@), s < T and
i,j € &. Note that in this case, thanks to the above assumptions on the deterministic
functions y; and ¢;;, the processes (Vi (s, X5 (@))s<r and (£;; (s, Xy*(®)))s<T,
i,j € ¢, belong to MP”'! and S? respectively for any p > 1. Therefore using
Theorem 4, there exist processes K~ and Z"»*, i € ¢, such that the triples
(yitx, zbtx KXy i e 4, is the unique solution of the following system of re-
flected BSDEs: Vi € ¢,

yiox KLY e §2and 250X € M4 KHH¥ is non-decreasing and K'Y = 0,
et = [ XEdu — [ 27 B, + KE - K
i,t,x __
Vs < T (Y2 =0),

Y& = max (=L (s, X2) + Y90, Vs < T,
jeg—i
ST @ — max (=5 (r, X2%) + Y/ KR = 0.
jeg—i

Moreover we have:

Proposition 6.2. There exist deterministic functions v!,...,v": [0,T] x R¥ — R
such that

V(t,x) € [0.T]xRF, Vs € [t,T), Y% =vi(s, X2%), i=1,....m.

Additionally the functionsv?,i = 1,...,m, arelower semi-continuous and of polyno-
mial growth.
Proof. Forn > 0 let (YJ=1"*, ... Y™ ")y <s<7 be the processes constructed in (9)

and (10) when W; (s, w) = ¥; (s, Xs*(®)) and £;; (s, w) = L;j (s, Xi ¥ ()), s < T
and i, j € ¢. Then using an induction argument and Theorems 3 and 5, there exist
deterministic continuous with polynomial growth functions v*" (i = 1,...,m) such
that for any (z,x) € [0,7] x R¥, Vs € [r, T], Yo"""* = vb"(s, X5*). Using now
inequality (12) we get

. . T
YR <y < E[ / {, max |w,-(s,xs”)‘)|}ds}
t i=1,....m

n,i,t,x

since Y, is deterministic. Therefore combining the polynomial growth of v; and
estimate (23) for X** we obtain

VI (e, x) < v (e x) < C(1 + x|

for some constants C and A independent of . In order to complete the proof it is enough
now to set v’ (r, x) = lim,_ o0 V" (¢, X), (t, x) € [0, T] x R¥ since Y?m:Hx A yitx
asn — oo. O
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We are now going to focus on the continuity of the functions v?, . .., v™. For this we
first deal with some properties of the optimal strategy which exist thanks to Theorem 1.

Proposition 6.3. Let (§,&) = ((th)n>1, (§n)n>1) be an optimal strategy, then there
exist two positive constant C and p which do not depend on ¢ and x such that

p
< C(1+ |x| ).

Vn=1, Pl <T] (25)

Proof. Recall the characterization of (8) that reads as follows:
1,t d
Yy * = sup IE|:/ Iﬁur(r,Xrt’x)dr—Zﬁgk_lgk(‘fk,Xi;(x)ﬂ[rk<T]i|.
(8,6)eAS 0 k>1

Now if (8,&) = ((tn)n>1, En)n>1) (to = 0,& = 1) is the optimal strategy then we
have
1,¢ T
YO A E[/O Yu, (r, Xﬁ’x)dr — Zefk—lfk (%, Xﬁ,’cx)]l[tk<T]:|-

k>1

Taking into account that £;; > y > 0 for any i # j we obtain

E[ Y vlgeny]| + Yo"
k=1,n

T
E]E[ / Yo, (r. XP¥)dr — ) zgk_lgk(rk,ng)ﬂ[,km]
0

k=n+1
Butforany k <n, [t, < T] C [t < T], so
T
ynPlr, < T]+ Yy '* < ]E|:/ Y, (1, X,t’x)dr]
0

and hence
T
nyPlo, < T) < E[/ | Y, (r, X% | ‘“} O
0

T
<] [ 1wy ar| - v,
0

Finally taking into account the facts that v; and Y 1:%** are of polynomial growth and
estimate (23) for X%~ to obtain the desired result. Note that the polynomial growth of
Y 105X stems from (13). O

Remark 2. The estimate (25) is also valid for the optimal strategy if at the initial time
the state of the plant is an arbitrary i € 4. O
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Next for i € ¢ let (y2"*, 22" k') < be the processes defined as follows:
ybox kb e §2 and z0% € M4, kX is non-decreasing and k'Y = 0,

P = [ X andr = [ B 4 R K Vs < T,
. S

S
LE,X l;,z,x

Vs

t,x Jotsx

= _m;x_{—ﬁ,-j(t VS, X)) +ysT)) Vs < T,
jegd—!

T
| o parier o
0

The existence of (y»*, zH6% ki5%) i e ¢, is obtained through Theorem 4. On the
other hand, once more thanks to uniqueness in Theorem 4, for any (7, x) € [0, T] x R¥,

forany s € [0, 7] we have y2"* = """, zb"* = 0 and k1" = 0.
We are now ready to give the main result of this section.

Theorem 6. For anyi = 1,...,m, thefunction v’: [0, T] x R¥ — R is continuous
and (v!,...,v™) issolution in viscosity sense of the system of variational inequalities
with inter-connected obstacles (19).

Proof. First let us focus on continuity and let us show that vl_ is continuous. The same
proof will be valid for the continuity of the other functions v* (i = 2,...,m).
First the characterization (8) implies that

T
yé,t,x = sup E |:[ Y, (8, X;’x)]l[szt]ds - Z Egnilgn (tq V1, Xi;,)i/l‘)]l[fn<T]i|'
8.,6)eAS 0 n=1

On the other hand an optimal strategy (87 ., §/ ) exists and satisfies the estimates (25)
with the same constants C and p. Next lete > 0 and (¢, x’) € B((z, x), ¢) and let us

consider the following set of strategies:

D :={6.8) = (t)nz1, Enz1) € AT (10 =0, & = 1)
such that

< CA+ (e + [xD?)
n

Vn>1, Plt,<T] }.

Therefore the strategies (67 . /) and (&}, ... &/ ) belong to D and then we have

£,x°

T
yotr = sup E[/ Yy (5, X5 sz ds
¢.£ed LJO

- Zegn_lgﬂ (Tn Vi, X‘i,’,)i/l)ﬂ[fn<T]i|

n>1

Tn
i Sup E[/ qu(S,X;’x)H[SZt]dS
(6.6)D 0

- Z Cep_ g (0 V Tk Xtti/xrk)]l[tk<T] + ﬂ[rn<T]y§rr:,t,xi|

1<k<n
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and

T
yét X = sup ]E|:/ Yy (5, XU ¥ Vg2 p1ds
6.6)ed 0

DT A Xin’iﬂ)ﬂ[wﬂ}

n>1

Tn a
= sup ]E|:/ ‘/fus(Sva’ ) s>ends
0

8.6)eD
- Z Cey_ g "V ., Xtt’\’/)ik)ﬂ[fk<T] + I, <11 yfry:’t * i|
1<k<n

The second equalities are obtained in using the dynamical programming principle [14].
It follows that

1,¢/,x" 1,t,x
Yo —Jo
Tn ’ ’
< SUP~E[/ W (5. X5 ) e — Yug (5, Xg") s s
8.5)eD
(26)
- Z g 1$k(t \/rk,X,Wk) Cep 1, (1Y T, tvrk)}]l[fk<T]
1<k=<n

+ ]l[rn<T]{y$n’t a yf,?”}].

Next w.l.0.g. we assume that ' < ¢. Then from (26) we deduce that

1,t/,x" 1,t,x
Yo' — Yo

n 4 7 7 ’
= sup jE[ (W (5. X)) = Vg (5, XN g2y + Y (8. X5 ) L <s<ny}ds
(8,6)eD 0

- Z e, 1Ek(t V Tk, lka) gék—]ék(tvrk’Xlt\,/);k)}]l[Tk<T]

1<k<n

+ Ly <y{yim! — ylnt. x}]

T
= E[/ max (s, X %) — v (s, X3) sz
0o J=1lm
+ max [y (5, X! <g<i)}ds

+n max {sup |€; (' Vs, Xt”vxs) itV s, X701
i#£j€d s<T

b osup (Pl < THECEIOE ™) + 087! |
(6,u)eD
(27)
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In the right-hand side of (27) the first term converges to 0 as (¢, x’) — (¢, x). Next let
us show that forany i # j € ¢,

E[sup [£;; (" v s, X

s<T

tvs) EU([VS Xtvs)” —0 as (t x)_> (t x)

Actually for any o > 0 we have

10 (' v 8. XY — (v s, XED)

t'vVs
< (e Vs, XY — i (2 Vv s, X))
+ [Lij (¢ Vv s, Xttvxs) Lij(t Vs, Xt VS)|]1[|Xt X |20]
INVNCAED ol B (AR ¢f VS)|]1“Xt <o

Therefore we have

E[sup 10"V 5. X5 ) — 4351V s, X9l

t'Vs
< E[fgg{w,](t Vs, X5 — b v s, thvxs)“l[|x;,’;§’|sa]}]

-HE[sup {|Z,-j(t'\/s Xt x) eij(t\/s Xtt/\jcs)|} [SUp§<T|X’ Y/|>g]]

t’'Vs
s<T
FE[sup {[€;(t Vs, XI5 — € vs, XM
=T 1y il AAVA] ij Vs [sups<7 |X;/VXS |+supg<7 \Xtt'\fy\ZQ]
\ \
+ ]E[SE? {wl] ([ S, Xt VS) Zl] ([ S, XtVS)|} [SUp\<T |Xt’\/s |+sups<T ‘Xt\/s‘ Q]]

Butsince ¢;; is continuous then it is uniformly continuous on [0, T]x{x € R¥, |x| < o}.
Henceforth for any €; > 0 there exists n¢, > 0 such that for any |t —¢'| < n¢, we have

sup {16 (1 v 5, X11350) = Ly (£ v s, XTI, <) S €1 (28)

s<T
Next using Cauchy—Schwarz’s inequality and then Markov’s one with the second term
we obtain
1
E[su? (€' Vs, XD =0 (e vs, X2V (b X122 = ca+x'17)e 2,
s< s<

(29)
where C and p are real constants which are bound to the polynomial growth of £;; and
estimate (23). In the same way we have:

E[ sup,<z {1€ij (1 Vs, Xt’,fs) Gt v s, X101
< C(1 + |x|? + |x'|P)o 3.

[sups<7 IX,, |+supx<r IXM|>Q]]

(30)
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Finally using the uniform continuity of £;; on compact subsets, the continuity property
(24) and the Lebesgue dominated convergence theorem to obtain that

[sup{|€,,(tVS X Cii(tvs, X

) =

] —0
(31)

tVS)|} [Sups<T |Xt’\/5 |+5Ups<T ‘Xtv\ |<o]
as (¢',x") — (¢, x). Taking now into account (28)—(31) we have

limsup E[sup [€;(:" Vs, Xt VS) Lij(t Vs, th)” <e+CA+|x|P)o” 3,
(t’,x")—(t,x) s<T

As €; and p are arbitrary then making ¢; — 0 and ¢ — o0 to obtain that

li sup |[€;;(t' v s, X! Lii(tvs, X
) (tx) [s<§)" | l]( S, Ay \/s) l]( S, tw)|]
Thus the claim is proved. 5
Finally let us focus on the last term in (27). Since (8, &) € D then:

sup~(}P’[r,, < T])%(zlE[(y,n’ A2 4 (y o1.x)2 ])%
(6.6)ed

<n b sup (QE[(yE)? 4 (yErtry2))?
8.6)eD

< Cn 3 (14 x4 1X1P),
where C and p are appropriate constants which come from the polynomial growth of

Vi, i € ¢, estimate (23) for the process X’-* and inequality (13). Going back now to
(27), taking the limit as (¢/, x’) — (¢, x) we obtain

limsup yé’t/’x/ < yé’z’x + Cn_%(l + 2|x|?).

@, x")—>(t,x)

As n is arbitrary then putting n — +o00 we obtain

limsup yo™" < yhtx,
@, x")—>(t,x)
This implies that
limsup yo* = limsup Y = limsup v'(¢,x)) < yitt = v
(t’,x")—(t,x) (t,x")—(t,x) (t’,x")—(t,x)
and then v is upper semi-continuous since ¥,""* = v!(z, x). Butv! isalso lower semi-
continuous, therefore it is continuous. In the same way we can show that v2, . .., v™ are
continuous. As they are of polynomial growth, then taking into account Theorem 5 to
obtainthat (v!, ..., v™) is aviscosity solution for the system of variational inequalities

with inter-connected obstacles (19). O
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Remark 3. The solution in viscosity sense of the system of variational inequalities
with inter-connected obstacles (19) is unique in the space of continuous functions on
[0, T] x R* which satisfy a polynomial growth condition, i.e., in the space

= {¢: [0, T] x R¥ - R, continuous and for any
(t,x), |o(t,x)] < C( + |x|¥) for some constants C and y}.

Therefore forany i € ¢, v’ has the following representation: V (¢, x) € [0, T] x R,

vi(t,x) = sup E[/ Y, (5, X”C)a’s—X:EE,z e, (Tn X291 rn<T}

(6.6)eA]’ n>1

For more details one can see [14]. O

7 Extension and numerical schemes

7.1 General systemsof BSDEswith obliquereflection. The problem which we deal
with now is to what extent can we provide a solution for systems of types (16) where the
generators w,, which depend only on (¢, w), are replaced by functions which depend
also on y*,z', i € 4. Namely let us consider the following system of BSDEs with
oblique reflection: fori € ¢,

Y, K e 82 e M*4; K' non-decreasing and K = 0,
T
Y] =&+ ﬁ(s, S,...,Y;",Z;)ds—/ Z'dBs + Kr —K' t <T,
t
Y] > r_naxhl,, t.Y]): Y} —maxh; (. Y/)dK! = o0.
]EA,‘ jEAi
(32)
Here & are Fr-measurable, the coefficients f;, h; ; can depend on w, and 4; C
{1,...,m} —{j}. For simplicity we denote Y, = (Y, ..., Y™, and similarly for
other vectors. The constraint A; means that from mode i the plant can only be switched
to those modes in 4;. We emphasize that A; can be empty and if so we take the
convention that the maximum over the empty set, denoted as @, is —oo. Then in this

case Y has no lower barrier and then we take K’ = 0. Consequently, Y satisfies the
following BSDE without reflection:

T T
Y, =& + fi(s.Ys, Z)ds —/ ZdBs,0<t<T.
t t

Also, for any i we define
hii(t,y) = y.
Then a solution of (32) always satisfies

Yi > max (1Y)
jEAU{} a]( Z)
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The general barrier /; ; allows one to consider more general switching costs. In
fact, even if the original cost takes the form 4; ; (¢, w,y) = y — ¥€; ; (t, w), in the risk-
sensitive switching problem (see e.g. [21]) one needs to take the standard exponential
transformation and then the barrier becomes £, ; (¢, 7) := e~%.7 j. Finally let us
point out that systems of types (32) are involved when dealing with optimal switching
problems under Knightian uncertainty (see e.g. [21], [22]).

Let us now introduce the following assumptions:

Assumptions[A]. Forany i = 1,...,m, it holds that

(i) E{ o (5UP5.y, =0 /i (2, 3. 0)P)dt + |2} < o0,

(ii) fi(z,y,z) is uniformly Lipschitz continuous in (y;, z) and is continuous in y;
forany j #i;and h; ;(t, y) is continuous in (¢, y) for j € A;.

(iif) fi(z,y,z) isincreasing in y; for j # i, and h; j (¢, y) is increasing in y for
j € A;.

(iv) For j € A;, h; j (¢, y) < y. Moreover, there is no sequence i, € 4;,,...,ix €
Aip_ i1 € Aj,and (y1, ..., yx) such that

Y1 =hi i (t,¥2), Y2 = hisis(t,¥3), .o Vi—1 = hip_ i (6, k), Vi = hig iy (8, 1).
(V)Foranyi =1,...,m,§& > mixhi,j(T, £).
JE€A;

We note that (i), (ii) and (v) are standard. The assumption (iv) means that it is not
free to make a circle of instantaneous switchings.

Our main result, stated by Hamadéne-Zhang in [22] where we can find all the
details, is:

Theorem 7. Assume Assumptions [A] hold. Then the system of RBSDEs (32) has a
solution. O

The solution is unique if we strengthen slightly the assumptions on the data of the
problem. Actually we have:

Theorem 8 ([22]). Besides Assumptions [A], assume moreover that
(i) fi isuniformly Lipschitz continuousinall y;.
(i)If j € A;,k € Aj,thenk € A; U {i}. Moreover,

hij(t hjr(t,y)) < hig(t,y).
(iii) For any j € A4;,
|hi,j (£, y1) = hij (£, y2)] < |y1 — y2l.

Then the solution of system (32) is unique. O
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7.2 Numerical schemes. As it has been pointed out previously, those systems of
reflected BSDEs with oblique reflection arise in several applied disciplines of math-
ematics especially in finance. Therefore the issue of finding their solution becomes
crucial but a tough task as well. An alternative is to provide numerical schemes which
converge to the solution of the system with a good rate. There are actually some works
in this sense of which we can quote [4] where the authors deal with numerics of the
following system:

j T

Yy =g (X + [y A XY 2 ) du
_fST Z;,t,der + K;:t,x N K;,t,x’

it,x - t,x Jot,x (33)

Ys = .m;XA(_EU (s, Xg7) + Y5 ).
Jjeg—!
Jo (V0% — max (<L (r. X7) + YK = .
A

They have introduced a discrete time system of reflected BSDESs associated with (33) in
using an oblique projection operator. Further they provide a control of the error which
is especially significant in the case when the coefficients ( f;);=1,.....» do not depend on
z since they show that it is of order % —¢€,¢>0.

The case m = 2 is particular and has been considered in [20].

Finally note that there is another point of view which uses the link of the solutions
of the above system and minimal solutions of constrained BSDEs with jumps, which
is developed in [15].

Acknowledgement. This paper, whose results are extracted from the articles [9], [14],
[22] quoted below, is based on the talk of the author during the 33rd SPA Conference,
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TheCOGARCH: areview, with newson option pricing
and statistical inference

Claudia Klippelberg, Ross Maller and Alexander Szimayer

1 Introduction

Mathematical Finance and Econometrics can be viewed as two sides of a coin. Econo-
metrics concentrates on finding optimal models concerning statistical properties like
correlations and prediction. Mathematical Finance, on the other side is mainly con-
cerned with finding good models which allow for hedging and derivatives pricing.

Two major innovations revolutionised the theory and practise of econometrics in
the latter part of the last century. The first was the development of the unit root and
related cointegration concepts in the analysis of time series data, and the associated
Dickie—Fuller test (cf. [11]) and its various generalisations. Soon after came the idea
of conditional heteroscedasticity models to capture the empirically observed feature of
apparently randomly varying volatility® fluctuations in time series. Landmark models
include Taylor’s stochastic volatility model [47] and the ARCH and GARCH models
of Engle [16] and Bollerslev [4]. These innovations and their subsequent rapid de-
velopment and application in many directions were particularly appropriate for high
frequency time series financial data, which became easily accessible in large quantities
over the period, with the introduction of modern computer technology.

Rigorous hedging and pricing of financial derivatives started with the seminal paper
by Black and Scholes [3] using the complete model of geometric Brownian motion
and its explicit unique option price. After it became clear that this model cannot cap-
ture all realistic features of market conditions, incomplete models entered the scene.
Characterization of no arbitrage pricing by martingale measures came into focus in
the important papers by Harrison and Kreps [22] and Harrison and Pliska [23]. The
problem of non-unique martingale measures was met by a specific approach of FolImer
and Schweizer [18]. Exponential Lévy models were a first step towards more realistic
modelling promoted early on by Eberlein and collaborators; cf. Eberlein [15] for a re-
view. Pricing measures were suggested for normal mixture models such as the variance
gamma model due to Madan and Seneta [35] and the normal inverse Gaussian model,
which was originally suggested by Barndorff-Nielsen [1].

This paper aims at a reconciliation between certain econometric models and pricing
models. Our econometrics motivation comes from the availability of high frequency
data, which are often sampled at irregular time points, making continuous-time mod-
elling necessary. Our motivation for derivatives pricing originates in the need for more
realistic pricing models.

1The “volatility” is simply the square root of the variance.
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The paper is organised as follows. In Section 2 we recall the discrete time ARCH and
GARCH models and some of their properties. We further summarize some continuous-
time limits of such models from the literature and explain their drawbacks. Section 3 is
devoted to the continuous time GARCH (COGARCH) model as suggested in Klippel-
berg, Lindner and Maller [30]. Section 4 presents new material on option pricing within
the COGARCH model. As an explicit example we treat the variance gamma driven
COGARCH and compare it to the Heston model via implicit volatilities. It turns out
that the COGARCH can produce higher implied volatilities for short maturities deep
in-the-money and far out of-the-money; desirable properties in applications. Section 5
is devoted to statistical estimation of the COGARCH parameters. Besides classical
moment estimators we also present a method to obtain a GARCH skeleton within the
COGARCH model, which allows for the use of existing software for estimation. This
involves functional limit theorems in various modes of convergence.

2 Background in discretetime ARCH and GARCH models

AutoRegressive Conditional Heteroscedasticity (ARCH) models were introduced by
Engle [16] and soon generalised to GARCH (Generalised AutoRegressive Conditional
Heteroscedasticity) models by Bollerslev [4]. Nowadays they are seen as particular
kinds of stochastic volatility models, in which the variance of time series innovations
is itself assumed to vary randomly, conditional on past information.

A special feature of ARCH and GARCH models is that they incorporate feedback
between an observation and its volatility, whereby a large fluctuation in an innovation
triggers a corresponding large fluctuation in the variance of the series, which in the
absence of further large fluctuations, then reverts to a steady state level, as long as the
process is in a stationary regime. This is an attractive concept, which accords well with
intuition and empirical observation of, especially, financial time series. As it turns out,
the models also display further desirable features from the modelling point of view.
In particular, they typically induce long tailedness of marginal distributions, and serial
correlations, not in the innovations themselves, but in the squared innovations. These
features again accord well with empirical observation. We expand further on them later.

The simplest GARCH model, the GARCH(1, 1), isadiscrete time process with three
parameters, 8 > 0, ¢ > 0, § > 0, specifying the variance as a discrete time stochastic
recursion, or difference equation. We write it using two equations, one specifying
the “mean level” process (the observed data, perhaps after removal of trend or other
deterministic feature, to approximate stationarity) and the other specifying the variance
process, which is time dependent and randomly fluctuating. Thus, fori = 1,2,...,

Y; = g0, (2.1)
with
of =B+ Y2, + 807, =B+ (¢ei, + 8o, (2.2)

Here the starting values ¢¢ and o are given quantities, possibly random, and usually
assumed independent of the (e;);=1,2,..., which are the sole source of variation in the
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model. Theg;, i = 1,2,..., are assumed to be independent identically distributed
(i.i.d.) random variables (rvs) centered at 0. Serial dependence between the Y; is
introduced via the dependence of the o on their past values. Conditional on o;, ¥;
simply has the distribution of ¢;, scaled by o;, which in general (as long as ¢, § > 0)
is time dependent, hence the “conditional heteroscedasticity” part of the terminology.
The “autoregressive” aspect refers to the form of the dependence of 6 on o7 ,, as in
an autoregressive time series model.

When § = 0 this term in o7, disappears, but volatility remains stochastic via the
dependence of o7 on ¥;_;, as long as ¢ > 0. We then have the ARCH(1) model of
Engle [16]. Such a model was generally found to be inadequate, however, to describe
observed data, in which variance tends to be highly persistent and mean reverting.
The introduction of the o | term in (2.2) when § > 0 improves the modelling of
such data substantially, and gives rise to the highly successful GARCH(1, 1) model of
Bollerslev [4]. A very natural extension of this model is to add further autoregressive
terms to (2.2), thus defining a GARCH(p, ¢) model, and, similarly, the ARCH(p)
model is defined.

Of course if ¢ = 6 = 0in (2.2) the model simply reduces to one of i.i.d. observa-
tions for the Y;, with variance g > 0.

2.1 Stationarity and tail behaviour in GARCH models. Often, in a practical re-
gression situation, the &; might be assumed N (0, 1) for the purposes of model fitting.
Such a short tailed distribution for the ¢;, however, does not necessarily translate into
a short tailed marginal distribution for the observations Y;. Eq. (2.2) specifies the se-
quence (ol.z)l-zl,z,__, as a stochastic recurrence equation, studied in some depth in the
probability literature, especially, see Kesten [28], Vervaat [49] and Goldie [19]; see also
the readable overview paper by Diaconis and Freedman [10]. In a stationary regime,
or otherwise, the resulting Y; will usually have a heavy tailed distribution. This comes
about as follows. Necessary and sufficient conditions for the “stability” (existence of
an almost sure (a.s.) limit for large times) of a discrete time stochastic perpetuity given
in Goldie and Maller [20] can be applied directly to give necessary and sufficient con-
ditions in terms of log moments of the ¢; and the parameters ¢ and §, for the stability
of the ARCH(1) and GARCH(1, 1) models. Specifically, Theorem 2.1 of Klippelberg,
Lindner and Maller [30] shows that we have stability of the mean and variance pro-

cesses, that is, Y; —D> Y+ and o; —D> 0o 8S I — 00, for finite rvs Yo, and oo, if and
only if
E|log(§ + ¢pe?)| < oo and Elog(§ + ¢e?) <O.

These then constitute conditions for stationarity of (Y,-,al?),:l,z,,,, if the sequence is
started with the values (Y, 000). Then, further results transferable from the theory of
stochastic difference equations show that, under certain fairly general conditions, Y
will have a long tailed distribution, specifically, a distribution with a Pareto (power law)
tail. A good exposition of this is in Lindner [32].

Thus, even with a short tailed distribution such as the normal assumed for the
innovations &;, we may expect a heavy tailed marginal distribution for the Y;. This
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accords with observed features of, especially, financial data, cf. Klippelberg [29],
Mikosch [37]. More recently, Platen and Sidorowicz [42], for example, in a very
extensive investigation, suggest that much financial returns data has a very heavy tailed
distribution, such as a ¢-distribution with 4 degrees of freedom.

2.2 Continuous time limits of GARCH models. Motivated, in particular, by the
availability of high-frequency data and by a need for option pricing technologies, clas-
sical diffusion limits have been used in a natural way to suggest continuous time limits
of discrete time processes, including for the GARCH models. The best known of these
is due to Nelson [40]. His limiting diffusion model is:

d¥; = 6:dB", 1 >0, (2.3)
where o;, the volatility process, satisfies
do? = (B —no2)dr + po2dB®, >0, (2.4)

with B® and B® independent Brownian motions, and 8 > 0, 7 > 0 and ¢ > 0
constants.

Unfortunately, in these situations, the limiting models can lose certain essential
properties of the discrete time GARCH models. It is surprising and counter-intuitive,
for example, that Nelson’s diffusion limit of the GARCH process is driven by two inde-
pendent Brownian motions, i.e. has two independent sources of randomness?, whereas
the discrete time GARCH process is driven only by a single white noise sequence. One
of the features of the GARCH process is the idea that large innovations in the price
process are almost immediately manifested as innovations in the volatility process; but
this feedback mechanism is lost in models such as the Nelson continuous time ver-
sion. Further, the appearance of an extra source of variation can have implications for
completeness considerations in options pricing models, for example.

The phenomenon that a diffusion limit may be driven by two independent Brownian
motions, while the discrete time model is given in terms of a single white noise sequence,
is not restricted to the classical GARCH process. Duan [13] has shown that this occurs
for many GARCH-like processes. On the other hand, Corradi [8] modified Nelson’s
method to obtain a diffusion limit depending only on a single Brownian motion - but
then the equation for o degenerates to an ordinary differential equation. Using a
Brownian bridge between discrete time observations, Kallsen and Taqqu [26] found a
complete model driven by only one Brownian motion.

Moreover, the continuous time limits found in such a way can have distinctly dif-
ferent statistical properties to the original discrete time processes. As was shown by
Wang [50], parameter estimation in the discrete time GARCH and the corresponding
continuous time limit stochastic volatility model may yield different estimates (see also

2Dependence has been introduced in the literature in an ad hoc way by allowing B! and B® in (2.3)
and (2.4) to be correlated, but such models still rely on two sources of randomness.
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Brown, Wang and Zhao [6]). Thus these kinds of continuous time models are probabilis-
tically and statistically different from their discrete time progenitors. See Lindner [31]
for a recent overview of continuous time approximations to GARCH processes.

In Kllppelberg, Lindner and Maller [30], the authors proposed a radically different
approach to obtaining a continuous time model. Their “COGARCH?” (continuous time
GARCH) model is a direct analogue of the discrete time GARCH, based on a single
background driving Lévy process, and generalises the essential features of the discrete
time GARCH process in a natural way. In the next section we review this model.

Throughout this article, by the “COGARCH” model we will always mean the
COGARCH(1, 1) model.

3 The COGARCH model

The COGARCH model is specified by two equations, the mean and variance equations,
analogous to (2.1) and (2.2). The single source of variation is a so-called background
driving Lévy process L = (L;);>o With characteristic triplet (y, o2, IT); we refer to
Sato [43] for background on Lévy processes. The continuous time process L has i.i.d.
increments, which are analogous to the i.i.d. innovations ¢; in (2.1) and (2.2). Then the
COGARCH process (G;)>o is defined in terms of its stochastic differential, dG, such
that

th = Ut_st, = 0, (31)

where o;, the volatility process, satisfies
do7 = (B —nof)dt + po7d[L,L];, >0, (3.2)

for constants 8 > 0, n > 0 and ¢ > 0. Here [L, L], denotes the quadratic variation
process of L, defined for r > 0 by

[L.L];:=0%+ Y (ALs)? =01+ [L,. L%, (3.3)

0<s<t

with [L,, L;]¢ denoting the pure jump component of [L, L]. (There should be no
confusion between the constant o2 specifying the variance of the Gaussian component
of L and the COGARCH variance process (67);>0. In (3.3), AL, = L, — L,_ for
t > 0 (with Lo— = 0) and similarly for other processes throughout. All processes are
cadlag)

To see the analogy with (2.1) and (2.2), note from (2.2) that

of —oiy =B —(1=8)o +¢ol ey,

which corresponds to (3.2) (with a reparameterisation from n to 6 = 1 — n) when the
time increment dz is taken as a unit, or at least fixed, interval of time. But an advantage
of the continuous time setup is that non-equally spaced observations are easily catered
for, as we demonstrate later (Section 5.4).
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Just as an understanding of discrete time perpetuities is the key to stability, sta-
tionarity and tail behaviour of the discrete time GARCH, so kinds of continuous time
perpetuities are instrumental in the analysis of the COGARCH. The solution of the
stochastic differential equation (SDE) (3.2) can be obtained with the help of an auxil-
iary Lévy process X = (X;);>¢ defined by

X, =nt— Y log(l+¢(ALy)*). 1>0.

0<s<t

X is a spectrally negative Lévy process of bounded variation arising in a natural way in
Klippelberg et al. [30], where the COGARCH(1, 1) is motivated directly as an analogue
to the discrete time GARCH(1, 1) process. Using Ito’s lemma, it can be verified that
the solution of (3.2) can be written in terms of X as

t
02 =e Xt (ﬁ/ eX-“ds—i-og), 1 >0,
0

which reveals o7 as a kind of generalised Ornstein-Uhlenbeck (GOU) process, param-
eterised by (8, n, ¢), and driven by the Lévy process L. For results on the GOU, and
associated studies of Lévy integrals, see Lindner and Maller [33] and their references.
An understanding of stability, stationarity and tail behaviour properties for the GOU is
essential for such issues relating to G.

Kliippelberg et al. [30], Theorem 3.2, show that the variance process (07);>0 for
the COGARCH is a time homogeneous Markov process, and, further, that the bivariate
process (G;, o,z),zo is Markovian. A finite random variable ago exists as the limit in
distribution of 02 as t — oo if and only if

/Rlog (1 + %yz)l'[(dy) < —logs. (3.4)

o2 has the same distribution as 8 times the stochastic integral f0°° e~Xrdt, which exists
as afinite rva.s. under (3.4) (see Theorem 3.1 of [30]). If this is the case and (62) 50 is
started with value 62, i.e., o is taken to have the distribution of 6.2, independent of L,
then (07);>o is strictly stationary and (G,),>o is a process with stationary increments
(Theorem 3.2 and Corollary 3.1 of [30]).

Moments of the COGARCH process can be calculated using the Laplace transform
of the auxiliary process X, which satisfies Ee 0% = ¢?¥(®) with

w(h) = —nb + [ ((1+¢x»? —1)II(dx), 6 >0. (3.5)
R
Returns over time intervals of fixed length » > 0 we denote by

G" =G, -G,_, = / os_dLs, t>r, (3.6)

(t—r,t]
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so that (Gg))ieN describes an equidistant sequence of non-overlapping returns. Cal-
culating the corresponding quantity for the volatility yields

020 = 52 02y = / ((B—no})ds + @02 d[L,L]s)
(r@—1),ri]

:IBr—n/ 03d8+(,0/ Usz_d[L,L]s- (3.7)
(r@—1),ri] (r(@—-1),ri]

Note that the stochastic process

t
/ o2 d[L, L]s =02/ ol ds+ Y 62 (ALy)> 1=0.
0.7 0

0<s<t

is the quadratic variation [G, G]; of G, which satisfies
t
GG, = / 02 d[L.L],. 120
0

thus f(r(l._l)’”.] o2 d[L, L]f in (3.7) corresponds to the jump part of the quadratic
variation of G accumulated during (r(i — 1), ri].

The following result (Proposition 2.1 of Haug et al. [24]) shows that the COGARCH
has a similar moment structure as the GARCH model; in particular, increments are un-
correlated, but squared increments are positively correlated. We shall need these results
in Section 5.1 when we present a method of moment estimation of the COGARCH pa-
rameters.

Proposition 3.1. Supposethat (L;);>o hasfinite variance and zero mean, and that the
Gaussian component has variance o2. Suppose also that W(1) < 0 for W asgivenin
(3.5). Let (02);>0 be the stationary volatility process, so that (G,);>o has stationary
increments. Then ]E(Gtz) < ooforall¢ > 0,andfor everyt,h > r > 0 we have

pr
W (D)
If, further, E(L}) < oo and ¥(2) < 0, then E(G}) < oo for all # > 0 and, if,
additionally, the Lévy measure I1 of L is such that [ x*TI(dx) = 0, then for every
t,h >r >0, wehave

EG") =0, EG")?=-—"—EL} Cov(G.G",)=o0.

(N4 _ ﬂz 2n L - ;
E(GD)* = 61E(L2)q,(1)2( + 20 EL%)(w(z)l I\IJ(DI)
1 — oo 262( 2 1 382 2122
(- W) + o (e ) war A
and
(r)\2 ) E(LZ)ﬂz 2n 2 —2 —1
Cov((G{)?.(G,}))?) = W( +20° _ELl)(llll(Z)l - |q,(1)|)

(1 — e~ (DI 1y o=h¥OI 5 g
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Motivated by the generalization of the GARCH(1, 1) to the GARCHY(p, ¢) model,
Brockwell, Chadraa, and Lindner [5] introduced a COGARCH(p, g) model. In it,
the volatility follows a CARMA (continuous-time ARMA) process driven by a Lévy
process (cf. Doob [12], Todorov and Tauchen [48]).

In Stelzer [45] multivariate COGARCH(1, 1) processes are introduced, constituting
a dynamical extension of normal mixture models and again incorporating such features
as dependence of returns (but without autocorrelation), jumps, heavy tailed distribu-
tions, etc. Stelzer’s definition agrees for d = 1 with the COGARCH(1, 1) process. As
in the univariate case, the model has only one source of randomness, a single multi-
variate Lévy process. The time-varying covariance matrix is modelled as a stochastic
process in the class of positive semi-definite matrices. In [45] Stelzer analyses the
probabilistic properties of the model and gives a sufficient condition for the existence
of a stationary distribution for the stochastic covariance matrix process, and criteria
ensuring the finiteness of moments.

4 A COGARCH option pricing model

A potentially important application of the COGARCH model is to option pricing. Tra-
ditionally, and for mathematical tractability, option pricing models are based on con-
tinuous time models for an underlying stock price process. The discrete-time GARCH
reproduces features commonly observed in financial data, especially relating to the so-
called stylized facts (volatility clustering, mean reversion of volatility, negative skew,
and heavy tails). Consequently, the COGARCH, as a continuous time limit of the
discrete GARCH (see Section 5.3), can be expected to result in more accurate option
valuation than standard models. In this section we propose an option pricing frame-
work, where the stock price return is driven by COGARCH, thus allowing for stochastic
volatility, and we also include the possibility of default in the model. Combining these
features is not new; however, our framework is parsimonious in its parameterisation
and as we will see can reproduce observed kinds of volatility smile and skew quite
well. Further, the default probability in the model can be expressed as a function of the
volatility.

The financial market is defined on a filtered probability space (2, ¥, P, (¥1)¢>0)
satisfying the usual hypothesis, which is large enough to support a Lévy process L =
(L)s>0 With characteristic function given for every 1 > 0 by E[e?L1] = 'V for
z € R where

Y(z) =iyz— %222 + /R\{O} (1 — e —izh(x)) TI(dx).

As usual (y, 02, IT) is the characteristic triplet, with related truncation function z(x) =
x 1gx<13- As a technical prerequisite we assume that the fourth moment of L exists,

3As is also the case with the expected default frequency in Moody’s KMV (Kealhofer, McQuown and
Vasicek) EDF (Expected Default Frequency) proprietary credit measures model, the KMV EDF™: see, e.g.,
www.moodyskmv.com/newsevents/filessEDF_Overview.pdf.
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i.e. [x*TI(dx) < oco. The investment opportunities considered here are the risk-
free money market account and the risky company stock. The risk-free money market
account has the price process B = (B;);>o With dynamics

dBtertdt, B()Zl,

where r € R is the instantaneous risk-free rate; hence B; = e”? fort > 0. The
stock price process is denoted by S = (S;):>0 and bears two kinds of related risks.
The stock price fluctuation is driven by a COGARCH process G = (G)¢>o With its
accompanying volatility process (o);>0, and, further, the stock price is assumed to fall
to zero at a default time 7, if default occurs, after which it stays at that level. Before
default the stock price process satisfies

dSt = St_ th, S() > 0,

where R = (R;);>0, the cumulative return process, is driven by the COGARCH process
G in the following sense:

th = [}’ + A,(O't_) O—[_] dt + Of— st (41)

Here the scaled innovation o, d L, is a COGARCH increment, dG;, A: [0, 00) — R
is the risk premium, and the volatility (67);>o follows the dynamics in (3.2), namely

dof = (B—no7)dt +¢of d[L,L];. ¢>0. (4.2)

The default time 7 is defined as the first time at which the cumulative return R
exhibits a jump AR, below —100% = —1:

t=inf{t >0: AR; < -1} =inf{t >0:0,- AL; <—1}.
At default the stock price drops to zero and stays there, thus we can write
S = So 8(R)z 1{t<r}v

where & (X) denotes the stochastic exponential of X .

4.1 Relationship to other stochastic volatility models. To compare our model to
other SV models, we reparameterise (4.1) and (4.2) as follows. Let us first assume that
L in (4.1) is an error term satisfying EL, = 0 and E[L?] = ¢, or, equivalently,

y +/ xII(dx) =0, and o2 +/ x2 I(dx) = 1. (4.3)
[x|>1 R

Thisassumption is in fact no restriction, but ensures that the parameters can be identified.
(Note that the function A can be adjusted when centering L, and the scaling to unit
variance of L affects only the variance parameters.)
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The bracket process [L, L] drives the volatility process o. We center and scale
[L, L] to a martingale M with unit variance rate

[L,L], —E[L, L] L L) —1 [ x? TI(dx)

Mt = - ) t Z
VEI(L. L] —E[L. L]1)?] e x4 TI(dx)

Then we can write the variance equation (4.2) as

do? =« (6°>— o} )dt +vo} dM,, >0, (4.4)

K=n—¢, 62=% and v=¢‘l/Rx4H(dx).

The variance process is thus seen to be mean-reverting with mean level 52, mean-
reversion speed «, and volatility (vo?),>o, implying an average volatility of the variance
process of v 2. This enables us to benchmark our model to other SV models. We
compare the COGARCH with the stochastic volatility model of Heston [25] (other
related models include a Heston extension allowing for jumps of Bates [2], the SABR
model of Hagan et al. [21], etc.). The dynamics of the Heston model are

where

dsf = uH sHdr + oH sHdw !,
d(of)? =« ((GH)2 — (o)) dr + v /(o F)2dW/2,

with expected return rate 1, mean-reversion speed « ¥, mean level ()2, volatility
of volatility parameter v, and leverage p’. Here, the leverage p? is in fact the
correlation of the standard Brownian motions W #:1 and W #-2,

Our model features the so-called option pricing leverage effect that is also included
in the Heston model. However, in our setup leverage is not a free parameter, but is
determined by the skew and kurtosis of the jump measure of L. Formally, leverage is
guantified by the instantaneous correlation between the increments of the price equation
dR, and the increments of the variance equation do?. By scaling this reduces to the
correlation of L, and M;, and leverage is given by

E[Lz Mz] 1 IR X3 H(dx)

— ez =
! ! Vg x4 TI(dx)

We see that p is restricted by more than just |p| < 1; the Cauchy—Schwarz inequality
implies

p=cor(L;, M;) = (4.5)

lp| < /sz I(dx) = V1 —02 (cf. (4.3)).

The COGARCH and Heston models are compared in Table 1.
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Table 1. Specifications of the variance processes for COGARCH and Heston models (“f.v.”
stands for “finite variation™).

Drift \olatility Noise Leverage

3 TI(d
COGARCH « (6% —02) vo? fv.pure  _Jm* 110

jump Vg x* T(dx)

Heston  «f(6H)>—(cH)?) vH (atH)2 Brownian  pf e [-1,1]

4.2 Default timeand default adjusted return dynamics. The default time ¢ admits
a predictable intensity i = ({&;);>0 driven by the variance process (67);>o. Using the
Markov property of (62)2., and the independent and stationary increments property
of L, we can establish that /i; = [1(c,_), where the function /& is given by

ax) = H((— oo,—%}) = /—l/x In(dy), x>0. (4.6)

—0o0

Then the process N = (N;);»¢ defined by

INT
Nt = lp<ny —/ f(oy—) du
0

is a martingale. The unconditional probability PD = (PD;,);>¢ of default prior to time
t can then be calculated as

PD,=P(r<1)=1 —E[exp(—fotﬁ(au)du)} t>0.

We now turn to the effect of the default on the dynamics of the driving Lévy pro-
cess L.

Theorem 4.1. The bivariate process (S, 02) is a Markov process and the stochastic
differential of S isgiven by

dSz = Sl‘— [r + A(O’t_) Ut_] dt + St_ O¢— dZ,,
where L isthe stopped version of L with default adjustment
Ly =L+ 1ysny(~AL, — 1/0,-), t>0.

With A defined by

i) = —/_:/x (v+1)man. x>0

the compensated version (L, — (""" A(oy—) du),=o isa martingale.
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Next, define the default adjusted return process R = (I?,)tzo by

~

INT t
R, = / (r 4+ Aoy—) 0y—) du + / Ou_dL,. 4.7)
0 0

By construction it is clear that that S = So &(R), where & denotes the stochastic
exponential. It follows that the discounted price process Z = S/ B is alocal martingale
if and only if (R, — r (¢ A 7))s>0 IS @ local martingale. (Note that the processes R and
S are both stopped at z.) The next theorem states the semimartingale characteristics of
R and is useful for identifying martingale measures. In our setting, the characteristics

(Bﬁ, Ctﬁ, H?),Zo of R canbe expressed as functions of o2 using the Markov property,
see also Kallsen and Vesenmayer [27].

Theorem 4.2. The semimarti ngalecharacterlstlcs(BR CR H?) of R for thetrunca-
tion function 1 (x) = x 1y <1, arefor ¢ > 0 given by

oo

Bf = ly<ny (" + 0r— [/\(Ut—) + A(01-) —/

1/0/—

X H(dx)]),

C,R = 1y<n o’ o2,

NMEA) = Ly<y /1{ct_x€(Ar‘1(—l,oo))} IT(dx) + Lyr<ry Li—1eay A(07),

for Borel sets A C R\ {0}.

Under a martingale measure Q, the drift of R has to reduce to

~ o0
BtR’Q = 1{t<‘£’} (r — O't_/ X HtQ(dx)), 1= Oa (48)
1

/O't_

where H,Q is the jJump measure of L,, and the correction results from our choice of
truncation function 2 (x) = x 1qx<1}-

Remark 4.3. In the following we adopt the martingale modeling approach. Madan,
Carr, and Chang [34] and Panayotov [41] also use this approach in related settings.
Formally, the market model can be investigated for arbitrage using the results provided
by Delbaen and Schachermayer [9]. Such a thoroughgoing investigation is beyond the
scope of this paper.

4.3 Therisk-neutral dynamicsand option pricing. In the following we assume we
are given a measure Q ~ P such that L is a Lévy process with characteristic triplet
(2, (09)2, 119) and finite fourth moment. Further, assume that (02),>¢ follows the
dynamics given in (4.4). (Note that we can assume without loss of generality that L is
centered to 0 and scaled to have a unit variance rate.)

The Q-dynamics of (62)¢ are given by the risk-neutral version of (4.4), i.e.,

do’tz ——1 ((o_rQ)2 — otz_) dr +v9 0,2_ thQ, t >0, (4.9)
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where «2, (52)2, and v< are the potentially adjusted parameters, and M € is the
bracket process of L centered to 0 and scaled to unit variance rate. With A€ defined as
in Theorem 4.1 by

A0(x) = —[_:/x (v+ 1) mea@n,

the compensated version L, — [3"* 12 (c,,—) du is then a Q-martingale. The risk-

neutral return process is then given by the risk-neutral version of (4.7), i.e.,
~ IAT R ¢ R
R: :/ (r —A2(0u=) 0u—) du +/ ou—dL,,. (4.10)
0 0

The expression ;\Q(at_)ot_ can be conceptualised as the premium for the limited
liability option, i.e. the premium paid by equity for protecting it from losses larger than
100%. The stock price process is given by S = Sy &(R).

Under the measure Q, denote by 72 (:; x) the price process of a T-claim y that
is suitably integrable, i.e. the random variable y is F7-measurable and E€|y| < oo.
Then € is given by

2l =e " TOEL x| F].

4.4 Variance-Gamma COGARCH. In this section we take the Variance-Gamma
(VG) process proposed by Madan and Seneta [35] and Madan, Carr, and Chang [34],
and construct the VG-COGARCH model directly under a martingale measure Q, see
discussion in the previous section. We examine the model for its suitability to reflect
stylized facts, such as volatility clustering, leptokurtosis and skew, and incorporate as
a new feature, possible default. We then compute option prices, and, using the implied
Black-Scholes volatility, compare the results to those obtained from a corresponding
Heston model. Finally, we discuss our stochastic exponential setup in relation to the
exponential VG-COGARCH of Panayotov [41], see Remark 4.4 below.

Under the martingale measure Q the VG process L is defined by L, = Oyg I'; +
ove Wr, fort > 0, where I' is a Gamma process with variance rate vyg and unit mean
rate carrying the market time. W is a standard Brownian motion independent of T,
ovc > 0 the volatility, and 6yg € R the drift. The VG process is a pure jump process
having characteristic triplet (y<, 0, T1€) with Lévy measure

6 2 209g/vve + 63

M2 (dy) = XPOvex/ove) o —‘/ LT Yy, (412)
|x|VVG Oyg

and drift

v2 = bve —f x 19 (dx). (4.12)
|x|>1
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With this parametrisation, the moments of the Lévy measure are
/X HQ(dx) = Ove.,
/x2 HQ(dx) = \%v\/@ + 0\3@
/x3 HQ(dx) = 20\3,Gv\2,G + 30\2/(5 Ove Ve,
/x4 2 (dx) = 6035 vig + 12085 03 v2g + 3 0V Vve.

Using the normalisation [ x2 19 (dx) = 1, which forces 025 < 1, the third and fourth
moments can be written in the form

/ X3 T2 (dx) = sign(Bve) /e (1 — 625) (2 + 625),
/x4 2(dx) =3vvs (2 — 0vG)-

Then the leverage in (4.5) is obtained as a function of the VG parameter oy and the
sign of Bye:

1 — o (2 + 03c)

V32 —09s)

The risk-neutral default intensity 2 € (x) can then be derived from (4.6) as:

p = sign(bvc)

1 Ove + \/ZO\Z/G/VVG + 0\36

pe(x) = —E X
VWG UVG X

, x>0,

where E1(x) = [ y~le > dy for x > 0.

Figure 1 displays the default intensity 1< depending on the volatility (o;);s¢ for
three different parameterisations. The structural parameters of the volatility SDE are
k2 =1,62 =0.30,v2 = 1. Thefirstset of VG-parameters is given by 6yg = —1.64,
vwe = 0.01, o\%G = 0.99, and reproduces a skew of —0.77 and a kurtosis of 7.90 for
daily return data as is typically observed for liquidly traded single stocks (see blue/solid).
The second parameter set is given by 6yg = —1.62, vyg = 0.02, 035 = 0.97, and
reproduces a skew of —1.51 and a kurtosis of 16.54 for daily return data (black/dotted).
This parameter set shows more asymmetries and heavier tails and potentially proxies
for rather illiquid mid-cap stocks. The third parameter set is given by 6y = —1.60,
vye = 0.03, 03@ = 0.96, and reproduces a skew of —2.22 and a kurtosis of 25.83 for
daily return data (red/dashed). As expected, the default intensity 1 is increasing in
the volatility and the kurtosis of the returns.
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Figure 1. Risk-neutral default intensities 22 for volatility parameters k2 = 1, < = 0.30,
v€ = 1, and three different sets of VG parameters: (i) By = —1.64, vyg = 0.01, U\%G =0.99
(blue/solid), (i) Oy = —1.62, vye = 0.02, 625 = 0.97 (black/dotted), or (iii) 6y = —1.60,
v = 0.03, 0 = 0.96 (red/dashed).

The compensator 22 of L can be calculated fairly explicitly as

9VG+V2UVG/"VG+9VG)
12 (x)

UVG X

2
ove &Xp (

A2 (x) = . x>0. (4.13)

we (Ove + \/2 0ls/ e + 625) x

Figure 2 displays the risk-neutral default premium iQ(x) depending on the volatility
for three different parameterisations. The risk-neutral default premium is as expected
increasing in the volatility and the kurtosis. The parameterisations are identical to those
of Figure 1 discussed above.

The option pricing model is now completely specified under the martingale measure
Q. The driving Lévy process is VG with characteristic triplet (y2, 0, IT2) defined in
(4.11) and (4.12). The volatility dynamics are given according to (4.9) for some k2,
(9)2, and v2. The risk-neutral default adjusted return process R is then defined
according to (4.10) where A2 is given by (4.13).

Now, we compare the VG-COGARCH to the Heston model. We produce for both
models the prices of European call options with varying strike prices and maturities.
For the VG-COGARCH we apply Monte-Carlo simulation using a simple Euler dis-
cretisation scheme. The Heston call prices are computed by numerical integration of
the characteristic function of the log-price process at maturity date. Both prices are then
converted to corresponding implied Black—Scholes volatilities. The volatility dynam-
ics is mean reverting around a level of 2 = -2 = 0.30 with mean reversion rate
k@ = kH:2 = 1, for both VG-COGARCH and Heston, and a volatility of volatility pa-
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Figure 2. Risk-neutral default premium A2 (x) x for volatility parameters k2 = 1,52 = 0.30,
v€ = 1, and three different sets of VG parameters: (i) By = —1.64, vyg = 0.01, U\%G =0.99
(blue/solid), (i) Oy = —1.62, vye = 0.02, 625 = 0.97 (black/dotted), or (iii) 6y = —1.60,
v = 0.03, 0 = 0.96 (red/dashed).

rameter of v2 = 1 for the VG-COGARCH and v#:€ = 0.30 for Heston, respectively.
With this setup we ensure that the volatility dynamics are comparable for both models,
see Table 1. The VG parameters are set to g = —1.64, vy = 0.01, and 036 = 0.99
implying a leverage of p = —0.275 and skewness of —0.77 and kurtosis of 7.90 for the
innovations on a daily basis. For the Heston model we have set p = —0.275 as well
to keep the results comparable.

The implied volatility surface for the VG-COGARCH is displayed in Figure 3.
The jumps and accordingly the high kurtosis lead to rather steep smile patterns for
short dated options. At the long end the skewness dominates, and the typical smirk
can be observed with declining implied volatilities for increasing strike prices. For the
corresponding Heston model the implied volatility surface is graphed in Figure 4. Here,
the smile for short dated options is of rather mild extent. This finding is well-known
and can be attributed to the continuous price paths inherent in the Heston model. For
longer maturities the skewness generated by the negative correlation p = —0.275
produces an implied volatility smirk approximately of the same extent as observed for
VG-COGARCH. A difference plot for both volatilities is given in Figure 5. One may
summarise that the VG-COGARCH can produce higher implied volatilities for short
maturities deep in-the-money and far out-of-the-money.

Remark 4.4. We conclude this section by mentioning that a similar option pricing
procedure for the COGARCH model has also been suggested by Panayotov [41]. In
contrast to us he models the risk-neutral dynamics of the log price by aVG-COGARCH
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VG-COGARCH Implied Volatility Surface

Implied Volatility

Maturity Strike

Figure 3. Implied Black—Scholes volatilities from VG-COGARCH call option prices. The risk-
neutral parameters are So = 100, r = 0.05, 0 = 0.30%, k¢ = 1,62 = 0.30, v = 1,
bve = —1.64, vy = 0.01, 035 = 0.99.

Heston Implied Volatility Surface

Implied Volatility

Maturity Strike

Figure 4. Implied Black—Scholes volatilities from Heston call option prices. The risk-neutral
parameters are So = 100, r = 0.05, (o/7)? = 0.30%, k-2 = 1,612 = 030, vH-Q =
0.30, p = —0.275.
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Differences of Implied Volatilities

Difference of Implied Volatilities

Maturity Strike

Figure 5. Difference of implied volatilities in Figure 3 and Figure 4.

process leading to a stock price process

t t
S, = Spexp (/ ay,du +[ Ou— dLu),
0 0

where (o;):>0 is the COGARCH volatility driven by the VG process L, see Panay-
otov [41], Eq. (3.3.1). The expression f(f a,du is a convexity correction which guar-
antees that the stock price has the proper risk-neutral expectation. According to (3.3.4)
in Panayotov [41] the density of the correction a can be computed as follows

at=r—/ (e"’x—l)HQ(dx), t>0.

—00

The log price process can be derived from this, and, using the fact that, together with the
volatility process, it is jointly Markovian, the option price is calculated by numerically
solving a PIDE. Possibility of default is not included in his model.

5 Statistical estimation of COGARCH

We present two different estimation procedures. The firstis asimple method of moments
estimation, which works only for equally spaced data. The second method is more
sophisticated and handles unequally spaced data. It needs some preliminary results
concerning the pathwise approximation of Lévy processes which we outline in this
section. Throughout this section we assume that the driving Lévy process has no
Gaussian part, i.e. that 02 = 0.
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5.1 A method of momentsestimation. For practical purposes, we need to discretise
the continuous-time COGARCH onto a discrete grid over a finite time interval, and
with a finite state space. Assume first that our data are given as described in (3.6). The
goal of this section is to estimate the model parameters 8, n, ¢. Moreover, we shall
present a simple estimate of the volatility.

5.1.1 Identifiability of the model parameters. We aim at estimation of the model
parameters (8, 1, ¢) from a sample of equally spaced returns by matching empirical
autocorrelation function and moments to their theoretical counterparts given in Propo-
sition 3.1. The next result shows that the parameters are identifiable by this estimation
procedure for driving Lévy processes L as in Proposition 3.1. We assume throughout
that E(L;) = 0 and E(L?) = 1. For the sake of simplicity we set r = 1.

Theorem 5.1. Suppose (L;);>o iS a Lévy process such that E(L;) = 0, E(L?) =
1, E(L]) < oo and [p x3* (dx) = 0. Assume also that ¥(2) < 0, and denote

by (Gi(l))ieN the stationary increment process of the COGARCH(1, 1) process with
parameters 8,1, ¢ > 0. Let u, y(0), k, p > 0 be constants such that

E(GM)?) = u,
Var((GM)?) = y(0),

p(h) = corr((G{")2.(G))?) = ke™, heN.

Define

l—p—e?
(1—er)(i—e7)
. 2ky(0)p
M= e D —er)

M :=y(0)—2u2—6

k y(0),

(5.1)

Then M, M, > 0, and the parameters 8, n, ¢ are uniquely determined by u, y(0), k
and p and are given by the formulas

B=rpu (5.2)
¢ =p+1+ M, —p, (5.3)
n=p+ e —Var(Ly)). (5.4)

We conclude from (5.2)—(5.4) that our model parameter vector (8, n, ¢) is a continu-
ous function of the first two moments u, y(0) and the parameters of the autocorrelation
function p and k. Hence, by continuity, consistency of the moments will immediately
imply consistency of the corresponding plug-in estimates for (8, 1, ¢).

5.1.2 Theestimation algorithm. The parameters are estimated under the following
assumptions:
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(H1) We have equally spaced observations G;, i = 0,...,n, on the integrated CO-
GARCH as defined and parameterised in (3.1) and (3.2), assumed to be in its
stationary regime. This gives return data Gi(l) =G;—Gi_1,i =1,...,n.

(H2) E(L;) =0and E(L?) = 1, i.e. (67);>0 can be interpreted as the volatility.
(H3) The driving Lévy process has no Gaussian part.
(H4) [g x*TI(dx) =0, E(L}) < oo and ¥(2) < 0.

We proceed as follows.
(1) Calculate the moment estimator i, of u as

-
Mn 1= E Z(Gi(l))z,
i=1
and for fixed d > 2 the empirical autocovariances 7,, := (7,(0), Pn(1),.... Pn(d)T

as
n—h

. 1 . .
Pnh) =~ 3 (G0 = ) (G = fn). i =0.....d.
1

1=

(2) Compute the empirical autocorrelations

B = Pu(1)/7n(0), ..., Pu(d)/Pu(O)T.

3) For fixed d > 2 define the mapping H : R%*? — R by
+

d
H(p,.0) := > (log(pn(h)) —logk + ph)*.
h=1

Compute the least squares estimator*

~

0, := argminaeRiH(i)n,a).
(4) Define the mapping J : R% — [0, 00)* by

(pu,p N1+ My —p,pJ/T+ M, + p) if p, My >0,

J (1, v(0),0) := {(0,0,0) otherwise,

where M, is defined as in (5.1). Finally, compute the estimator

7§n = J(/ln’ pn(o)’ én)

“We note the known robustness issues associated with least squares estimators. There is no difficulty in

substituting for 9n a more robust estimator, for instance, by replacing the &£2-norm by the &£!-norm, or
invoking a weighted Huber estimator.
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In Haug et al. [24] asymptotic normality of the estimated parameter vector was
proved. This is essentially a consequence of the geometric ergodicity of the returns
process (GV);en.

To conclude this section we mention that Muller [38] developed an MCMC estima-
tion procedure for the COGARCH(1, 1) model, which works also for irregularly spaced
observations. The approach is, however, restricted to driving processes L of finite vari-
ation. Alternatively, Fasen [17] presents results on the non-parametric estimation of
the autocovariance function of the volatility process and the COGARCH process by
invoking point process methods. In the next section, we outline a more sophisticated
way of dealing with unequally spaced data. It applies some results concerning the
pathwise approximation of Lévy processes.

5.2 The“first jump” approximation for a Lévy process. In this section we review
a “first jump” approximation to the underlying Lévy process which preserves certain
crucial features of the process.

Suppose again that the Lévy process (L;)>o has characteristic triplet of the form
(y,0,I1), where y € R and IT is the Lévy measure. As usual, denote the jumps of L,
by AL; = L, — L,_ fort > 0 (with Lo— = 0), and let

M (x) = I((x,00)) + M((—o0, —x]), x >0, (5.5)

denote the tail of TT(:).

We wish to approximate L on a finite time interval [0,T], 0 < T < oo, parti-
tioned into N, not necessarily equally spaced intervals. Let (N,),en be an increasing
sequence of integers diverging to infinity as n — oo. For each n € N, form a deter-
ministic partition 0 = fo(n) < t1(n) < --- < ty,(n) = T of [0, T]. In Maller and
Szimayer [46], two approximating processes to L are constructed.

The first approximation, L, (n) for n € N is formed by taking the first jump, if one
occurs, of L, in each time subinterval (z,_;(n).t;(n)], j = 1,2,..., Ny, where the
jump sizes are bounded away from 0, then discretizing (“binning”) these jumps to get
an approximating process which takes only a finite number of values on a finite state
space. The state space does not include 0, as we must avoid the possible singularity in
IT at 0. If no jump occurs in a subinterval, L, (n) remains constant in that subinterval.

A second approximating process, L;(n), n € N, is then taken as the discrete
skeleton of L (n) on the time grid (tj(n))j=0,1,...Np-

The time and space intervals are allowed to shrink and the state space to expand at
appropriate rates, so as to get convergence of L;(n) and L;(n) to L, asn — oo, in
various modes.

To see how this works, take two sequences of real numbers (m, ),en and (M) e,
satisfying 1 > m, | 0and 1 < M, 1 oo asn — oo. The first approximating process,
L. (n), takes discrete values in the set

J(n) = [-M,,—m,) U (my,, M,], neN.
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To construct it, let
Ti(n):=inf{tr :t;_1(n) <t <t;j(n); AL, € J(n)} forl <j <N,

(where the infimum over the empty set is defined as co) be the time of the first jump of
L with magnitude in (m,, M,] in interval j. Then decompose L, as

Li=yut +LP0)+ LPm) + LPm) foro<r<T, (5.6)

where foralln > 1land0 <t <T:

L) = a.s.lim( > ALy LjoiaLyjzmyy — ! [ xH(dx)),
el 0 0<s< e<|x|<mp
LPm) = Y AL Lm<iaryy. L) = > ALy Lgn,<iar,i<my-
0<s<t 0<s<t

and

Yo =y —/ x ().
mp<|x|<1

Decomposition (5.6) is a variant of the Lévy-Ito decomposition (Sato [44], Theo-
rem 19.2, p. 120), in which, for each n, Lgl)(n) is a compensated “small jump” mar-
tingale, and L® (n) and L (n) might be thought of as “large jumps” and “medium
jumps”, respectively.

With no assumptions on L, Szimayer and Maller [46] show that, for j = 1,2,
liMmy, 00 SUPg<; <T Lﬁj)(n) =0as. L§3) (n) can be further decomposed as follows:

3 3,1 3,2
LPm) = L) + LE? ),

where
Nn

3,2 3
L () = > 1{Tj(n)SZ}AL£7j)(n)'
j=1

Thus L§3’2) (n) is the sum of the sizes of the first jump of L, in each subinterval whose
magnitude is in (m,, M,], where such jumps occur, while L§3’1)(n) collects, over all
subintervals, the sizes of those jumps with magnitudes in (m,,, M,,] (except for the first
jump), provided at least two such jumps occur in a subinterval.

Since we allow for the possibility that L has “infinite activity”, that is, that TT(R \
{0}) = oo, we need a restriction on how fast m, may tend to the possible singularity of
IT at 0, by comparison with the speed at which the time mesh shrinks. With appropriate
assumptions, 1im,, .00 SUPg—, <7 |L " ()| = 0 in probability, in £, or, alternatively,
in the almost sure sense. This leaves 32 (n) as the predominant component, asymp-
totically, of L, and the penultimate step is to approximate it by a process L () that lives
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on a finite state space. So we discretize the state space J(n) with a grid of mesh size
A(n) > 0, where A(n) \(0asn — oo, and set

N ALY

- T;\n

Li(n) = yat + Zl{zj(n)gz{ A(;) J A(n).
j=1

(The symbol | x| denotes the integer part of x € R). Again under certain conditions,
the difference between L2 (n) and L(n) disappears, asymptotically, in the &£, or
almost sure sense, uniformly in 0 < ¢ < T. Thus L(n) approximates L, in the sense
that the distance between them as measured by the supremum metric tends to 0 in &£,
or almost surely, in our setup.

The second approximation, L(n), is obtained by evaluating L (n) on the same dis-
crete time grid as we have used so far. Thus L(n) is the piecewise constant process
defined by

Li(n) =Ly my(n) whent;_y(n) <t <t;(n), j =1,2,.... Ny, (5.7)

and with L7 (n) = L7(n). Because the original jumps are displaced in time in L(n),
we no longer expect convergence to L in the supremum metric. Instead, we get that
lim, o p(L(n), L) = 0, where p(-, -) denotes the Skorokhod J; distance in D[0, T].
The processes L(n) approximate L, pointwise, in probability, but not uniformly in
0 <t < T. However, the convergence in probability in the Skorokhod topology
suffices for certain applications that we discuss later.

Now we state the theorems from [46], which give the convergence of L,(n) and
L:(n) to L,. Recall from (5.5) that IT denotes the tail of the Lévy measure of L,. Let

At(n) = max (tj (n) —tj—1(n)) .

The main result for L, (n) is:

Theorem 5.2. Suppose
lim At(n) 12(m,) =0 and lim A(n) II(m,) = 0. (5.8)
n—o00 n—00

Then ,
sup |Li(n)— L =0 asn— oo.
0<t<T
Next we consider the second approximating process, L, (), asdefinedin (5.7). With
a view to applications, we need the following property. The processes (L;(n)),eN are
said to satisfy Aldous' criterion for tightness if
Ve>0:limlimsup sup P (|L:(n)—Ls(n)|>¢)=0,
5NO n—soco o.teSo 7 (M)
o<t<o0-+§
where S; 7(n) is the set of F L -stopping times taking values in [¢, T], for 0 < ¢ <
T. Let D[0, T'] be the space of cadlag real-valued functions on [0, T'] and p(-, -) the
Skorokhod J; distance between two processes in D[0, T].
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Theorem 5.3. Assume that Condition (5.8) of Theorem 5.2 holds. Then:

(i) p(L(), L) 5> 0asn — oo;
(i) the sequence (L;(n)),en satisfies Aldous’ criterion for tightness.

We conclude this section with some comments on the filtrations. LetLFL, FL(M and
FL® pe the natural filtrations generated by the processes (L;)s>o, (L¢(1)):>0 and
(L¢(n))r>0, respectively. Our construction clearly gives inclusion of the filtrations,
that is, foreachn > 1

FL® ¢ pL0) c pL.

so, having demonstrated convergence of the approximating processes, we will have
sufficient structure to prove convergence in some optimal stopping problems using
recent results of Coquet and Toldo [7]. More discussion and possible applications of
this can be found in Maller and Szimayer [46].

5.3 A discrete approximation to the COGARCH. In this section we show how to
approximate a COGARCH pair (G, 01)s>0 With an embedded sequence of discrete
time GARCH pairs, (G, (t), 0,(t))¢>0, using the first jump technology developed in
Section 5.2. The discrete approximating sequence, after appropriate rescaling, con-
verges to the continuous time model in probability, in the Skorokhod metric, as the
discrete approximating grid grows finer. This construction opens the way to using, for
the COGARCH, similar statistical techniques to those already worked out for GARCH
models, and useful applications can be made to options pricing, and to the modelling
of irregularly spaced time series data.

For these kinds of applications L is usually assumed to have finite variance and
mean 0, as we will do throughout this section.

Thus, we take as given the continuous time COGARCH pair (G, 0;);>0 defined
in (3.1) and (3.2), and form a discrete approximating sequence as follows. Fix T > 0,
and take deterministic sequences (N;)nen With lim, oo N, = oo and 0 = to(n) <
ti(n) < .-+ < ty,(n) = T, and, for each n € N, divide [0, T'] into N, subinter-
vals of length At;(n) := t;(n) — t;i—1(n), fori = 1,2,..., N,. Assume At(n) :=
max;—i,..n, Ati(n) — 0 asn — oo, and define, for each n € N, a discrete time
process (Gi n)i=1.....N, Satisfying

Gin=Gi—in+0icinyAti(n)ein, 1 =12,...,Ny, (5.9)
where Gy, = Gy := 0, and the variance ol%n follows the recursion
oln = BAL(n) + (1 + pAL;(n)e},) e_”A’f(”)aiz_l,n, i=12,....,N,. (5.10)

Here the innovations (g; ,)i=1,...n,, # € N, are constructed using the “first jump”
approximation outlined in Section 5.2. Since we assume a finite variance for L, we
need only a single sequence 1 > m,, | 0 bounding the jumps of L away from 0. We
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assume it satisfies lim,— o Al(n)l:ll%(mn) = 0. Such a sequence always exists, as
limy o x? Mz (x) = 0. Fixn > 1 and define stopping times z; , by

i =Inf{t etici(n),t;(n)) : |AL@)| =my}, i=1,...,Ny.

Thus 7; ,, is the time of the first jump of L in the i th interval whose magnitude exceeds
my, if such a jump occurs.

By the strong Markov property, (1, , <co} AL(ti.0)), _, is foreachn € N a
sequence of independent rvs, with distribution specified by

T1(dx) 1 x> m,,}

~ 1 — e BuMImD) e R\ OV, i = 1.2.....N,.
Rom,) ( ) \ {0} n

and with mass e=2% MT0nn) ¢ 0. These rvs have finite mean, v; (n), and variance,
€i(n), say. The innovations series (¢;,,);,_, _, required for (5.9) is now defined by

.....

1, <ot AL(7i5)—vi(n
gig = im0 (n) = vil ), i=12,..., Ny
£i(n)
For each n € N, the ¢; , are independent rvs with E¢; , = 0 and Var(e;,,) = 1.
Finally, in (5.10), we take 0§, = o, independent of the ¢; ,,.

Remark 5.4. Equations (5.9) and (5.10) specify a GARCH(1, 1)-type recursion in
the following sense. In the ordinary discrete time GARCH(1, 1) series, the volatility
sequence satisfies (2.2), viz.,

of =B+ (14 (¢/8)e7_,) S07;. (5.11)
When the time grid is equally spaced, so At;(n) = At(n),i = 1,2,..., Ny, (5.10) is
equivalent to (5.11), after rescaling by Az (n) and a reparametrisation from (8, ¢, ) to
(B, ¢, 8), and (5.9) becomes a rescaled GARCH equation for the differenced sequence

Gin — Gi—1,,. More generally, with an unequally spaced grid, if the series are scaled
as in (5.9) and (5.10), convergence to the COGARCH is obtained as follows.

Embed the discrete time processes G. , and ofn into continuous time versions G,
and o2 defined for0 <7 < T by

Gu(t) = Gin and o2(t) =02, whent € [ti_1(n).t;(n)). (5.12)

i,n’

with G, (0) = 0. The processes G,, and g, are in D[0, T']. The next result is proved in
Theorem 2.1 of Maller, Miller and Szimayer [36].

Theorem 5.5. In the above setup, the Skorokhod distance between the processes
(G, 0?) defined by (3.1) and (3.2), and the discretised, piecewise constant processes
(Gn,02)n>1 defined by (5.12), convergesin probability to 0 asn — oo; that is,

p ((Gn,07),(G.0?)) 20 asn— .

Consequently, we also have convergence in distribution in D [0, T'] x D[0, T]:

(Gn.02) 2 (G.o?) asn — co.
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Remark 5.6. Kallsen and Vesenmayer [27] derive the infinitesimal generator of the bi-
variate Markov process representation of the COGARCH model and show that any CO-
GARCH process can be represented as the limit in law of a sequence of GARCH(1, 1)
processes. The result of Theorem 5.5 is stronger in that it gives convergence to the
continuous-time model in a strong sense (in probability, in the Skorokhod metric),
as the discrete approximating grid grows finer. Whereas the diffusion limit in law
established by Nelson [40] occurs from GARCH by aggregating its innovations, the
COGARCH limit arising in Kallsen and Vesenmayer [27] and Maller et al. [36] both
occur when the innovations are randomly thinned.

5.4 GARCH analysisof irregularly spaced data. Maller, Miiller and Szimayer [36]
apply the discrete approximation of the continuous time GARCH process to develop a
method of fitting the model to unequally spaced times series data, using the methodology
worked out for the discrete time GARCH.

5.4.1 The estimation algorithm. The parameters are estimated under the following
assumptions:

(H1) Suppose given observations G;,,0 =ty <t <--- <ty = T, on the integrated
COGARCH as defined and parameterised in (3.1) and (3.2), assumed to be in its
stationary regime.

(H2) The (¢;) are assumed fixed (non-random) time points.

(H3) EL(1) = 0and EL2(1) = 1; i.e. 0% can be interpreted as the volatility.
(H4) The driving Lévy process has no Gaussian part.

Then we proceed as follows.

(1) LetY; = G4, —Gy,_, denote the observed increments and put Az; :=t; —t; ;.
Then from (3.1) we can write

L
Y = / os—dL(s).
ti—1

(2) We can use a pseudo-maximum likelihood (PML) method to estimate the pa-
rameters (8, n, ¢) from the observed Y1, Y>, ..., Yn. The pseudo-likelihood function
can be derived as follows. Because (o;);>¢ is Markovian, Y; is conditionally indepen-
dentof Y;_1,Y; »,..., given ¥;,_,. We have E(Y; | ¥,_,) = 0 for the conditional
expectation of Y;, and, for the conditional variance,

. B =oAL BAL
o7 =EY? | F,_,) = (ogl — + L. (5.13)
n—¢ n—e¢ n—e¢
Eq. (5.13) follows from the calculation in the third display on p. 618 of Kliippelberg et
al. [30]. To ensure stationarity, we take Eag = B/(n—¢), with n > ¢, in that formula.
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(3) Applying the PML method, then, we assume that the Y; are conditionally
N(0, p?), and use recursive conditioning to write a pseudo-log- |Ike|lh00d function for
the observations Y7,Y,, ..., Yy as

Y2
= En(Bogn) = Z (—) ! Z l0g(67) 5 logam).  (5.19

i=l 'O 1—1

(4) We must substitute in (5.14) a calculable quantity for pZ, hence we need such
for cr,H in (5.13). For this, we discretise the continuous time volatility process just as
was done in Theorem 5.5. Thus, (5.10) reads, in the present notation,

02 = BAL; + e Mg | 4 ge A Y2, (5.15)

(5) Finally, note that (5.15) isa GARCH- type recursion, so, after substituting o>
for o D in (5.13), and the resulting modified p7 in (5.14), we can think of (5. 14) as
the pseudo log-likelihood function for fitting a GARCH model to the unequally spaced
series.

The recursion in (5.15) is easily programmed, and, taking as starting value for o
the stationary value 8/(n — ¢), we can maximise the function &£y to get PMLEs of
(B, n, ¢). The small sample behaviour of these estimates are investigated in a simulation
study in Durand, Maller and Miller [14]. Moreover, Miiller, Maller and Durand [39]
and Durand, Maller and Miiller [14] apply this method to various financial data sets.

Acknowledgements. The authors are grateful to Jan Kallsen for useful discussions
regarding the COGARCH option pricing setup.
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Some properties of quasi-stationary distributions for
finite Markov chains

Servet Martinez and Jaime San Martin

1 Introduction

Quasi-stationary distributions (g.s.d. for short) for Markov chains have been extensively
studied since the pioneering work of Yaglom for the branching process in [11] and the
classification of positive matrices introduced by Vere-Jones in [10]. We recommend the
web site [6] at Philip Pollet’s homepage for an extensive list of references on g.s.d. for
countable Markov chains and related topics. In particular, the infinitesimal description
of g.s.d. (as a probability eigenmeasure) on countable spaces was done in [5], for birth
and death chains see [8] among others, and the more general existence result in the
countable case was shown in [2].

The first study of g.s.d. for finite state Markov chains was done in [1]. In this work
we remain in this setting. We supply some of the basic tools and results as well as some
new properties. For example, we use the martingale property to give three equalities
involving hitting times, this is done in Proposition 2.4. Based upon the geometrical
property of the killing time we give in Proposition 2.5 a lumping result in terms of g.s.d.

Jointly with P. Collet we are preparing a monograph on g.s.d. for Markov processes,
one dimensional diffusions and dynamical systems. There we give a much more general
setting for the main properties of this paper.

2 Definitions and results

Let X = (X, : n > 0) be a discrete time Markov chain taking values on the finite set
I, with transition matrix P = (P;; : i, j € 1). We denote by P; the distribution of the
chain when it starts from X, = i and by E; the corresponding mean value operator. We
will assume that X is the canonical Markov chain, so the variable X, is the projection
of I'N onto its n-th coordinate.

Letd/ C I be aproper nonempty subset of 7 which we call set of forbidden states,
andlet T = inf{n > 0 : X,, € a1} be the hitting time of this set. Let / = [ \ 9/
be the set of allowed states and P = (P;; : i, j € I). We will assume that X, € I
and we shall consider the killed chain X7~ = (X, :n < T). Ags.d.vfor X7~ isa
probability distribution on I that is conditionally invariant, that is, it verifies

Viel,Vn>1: Py(X,=i|T >n)=nv(). (1)

Since the points in 3/ can be assumed to be absorbing, we can take P;; = 1 fori € d1.
Then:
Viijel: PP =Py
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A necessary condition for the existence of g.s.d. is that the set of forbidden states
can be hit from the set of allowed states, that is, there exists some iy € I such that
P;,(T = 1) > 0. To avoid technical problems that could make this presentation

unnecessary heavy, we shall assume that P is irreducible (that is, for all pairsi, j € I
there exists n > 0 such that Pig.”) > 0).

2.1 Exponential killing. Let us write the g.s.d. condition in terms of P. First let us
state the following property: if v is a g.s.d., then when the process starts from v, the
killing time is geometrically distributed with parameter 1 — 6(v). More precisely,

Vn>1: Py(T >n)=0w)" witho@)="P,(T > 1). (2)
Indeed, from the definition of g.s.d. and since the points of d/ are absorbing we get

Py(T >n+m)=Y Py(X,=i.T>n+m)

iel

=Y Py(T >n+m| X, =i)Py(X, = i)
iel

=Y Pi(T > mw(i)Py(T > n) = Py(T > n)Py(T > m).
iel

and so the property (2) holds. The coefficient (v) is known as the rate of survival.
Hence the property (1) can be written as
Viel,Vn>1: Zv(j)Pj(i") = 0(v)"v(i),
jel
or equivalently v/ P" = 6(v)™v’ for all n > 1, which is equivalent to
VP =00
Finally, observe that when v is a probability eigenmeasure on 7, that is, for some
number 6, R
VP =6,
then, by multiplying at the right by 1, we get 6 = 6(v). In particular,
Py (T >n) =06".

We have shown that a g.s.d. v is any normalized positive eigenfunction of P.

We observe that if Q = (Q;; : i,j € J) is an irreducible strictly substochastic
matrix then for each state j € Jo :={j € J : ) ;; Qjx < 1}weaddastate d; ¢ J.

Let us define / = J U {9d; : j € Jo} and consider the following stochastic matrix P
onlr:

P =0Qi ifi,jel; Pjaj=1—Zij ifjeJo; Payo =1,
keJ
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and P;; = 0 for any other pair of elements of 7. When the set of forbidden states is
0l ={0; : j € Jo}, then I=Jand P = Q. In the usual extension we collapse all
the states 0, in a single state 0.

Since P is strictly substochastic, the Perron—Frobenius theory (see Theorem 1.2 in
[7]) asserts that there exists a strictly positive eigenvalue 6 € (0, 1) of P which is its
spectral radius. Itis simple (because of irreducibility) and its left and right eigenvectors
v and & can be chosen to be strictly positive, hence

VP =0v., Ph=6h v>0 h>0.

Here v’ denotes the row vector associated to v. We can impose the following two
normalizing conditions:
vh =1, V1=1,

where v' f = ). 7 f(i) v(i). In particular v is a probability vector. From the above
discussion the vector v is a g.s.d. and the spectral radius 6 is the rate of survival. The
Perron—Frobenius theorem also guarantees that

30 < y <6 suchthat P" = 6"hv' + o(x"),

or, equivalently,
P = 0" () +o(x").
So R
Viel: P(T>n)=Y P =0"h0)+o(". ©)
jel

Remark 2.1. Assume that starting from the probability distribution 7 on 7, the Killing
time T is geometrically distributed. Then from (3) we get that its parameter is neces-
sarily 1 — 6, that is,

P,(T >n) =n'P"l = 0"yl = 6"

Remark 2.2. In general it is not sufficient to assume that 7' has the geometrical dis-
tribution under the initial distribution » to conclude that » is a g.s.d. This occurs, for
example, when the row sums of P are aconstant ¢ € (0,1). Inthiscase h = 1 where 1
is the vector with all its components equal to 1, and the spectral radius (rate of survival)
is & = c¢. Moreover, for all probability measures  on 7 we have the geometrical
property P, (T > n) = 6",

2.2 Exit independence between time and state. Let us show that when the process
starts from a g.s.d., then the absorption time and the state where it is absorbed are
independent random variables (see [3] for a general statement). Observe that the random
variable X7 depends on the trajectories of X7 = (X, : n < T).

Proposition 2.3. Let v beag.s.d. Then T and X are IP,-independent random vari-
ables.
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Proof. We already proved in (2) that the g.s.d. property implies P,(T > n) = 6(v)".
Take k € 0/. The Markov property and the g.s.d. equality P, (X, =i |T > n) = v(i)
imply that for all real » > 0 it holds that

Po(T=n+1, Xr =) =Py (T >n, Xus1 = )
=Py (Xps1 =0k | T >n) Py (T >n)
=P, (X, =) 6(v)".

We sum over n > 0 to get

PuXr = 00 = 1o PoH = 00,
Thus
Po(T=n+1, X7 =0) =Pu(Xr = d)(1 = 0(v)0(v)"
=Py(X7 = 0)Pu(T =n+1),
and the result follows. O

2.3 Themartingale property. The process W = (W, : n > 0) defined by W, =
07" h(X,) is a P-martingale. In fact, since Ph = 6h we find

E(0"h(Xn)|0(Xo,. ... Xn_1) = Ex,_, (07"h(X1))
= 07" Ph(Xp—1) = 07" Vh(X,-),

where as usual o(Xo, ..., X,—1) is the o-field generated by Xo,..., X,—1. From
Doob’s sampling theorem we find that for all stopping times S and all »,

h(i) = Ei(07"h(Xsan) = Ei (0" h(Xs), S < n) + Ei(67"h(Xn). S > n).
Using the monotone convergence theorem we conclude that
h(i) = E; (0 5h(Xs), S < o). (4)

Consider the operator [E; defined by the equality

= B Ga(X, - X H(K)),
(@)
forall G,: I" — R. When G, is an indicator function this defines a probability
measure P; on IN. It is said that P; is induced by the martingale .

Using the same ideas as in the proof of (4) we obtain for all stopping times S and
all bounded functions G : | J,en 1" — R that

Ei(Gn(X1,...,Xn))

1

E;(G(X1,...,Xs), S < 00) = "0

E;(G(X1,....Xs)0 Sh(Xs), S <o0). (5)
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Consider the transition matrix P = (P;; : i, j € 1)) given by

h(j)
= 2L P 6
ij Qh(z) ij ( )
which is stochastic because 4 is a right eigenfunction with eigenvalue 6. We have
that IP; is the law of the canonical Markov chain with transition matrix P. Since P
is finite and irreducible, it is positive recurrent, and a direct computation shows that
(vh)' P = (vh)'. So the stationary distribution of P is given by

vh = ((i)h(i) :i €1).
Consider the random variables
T'=inf{n>0:X, =i}
Proposition 2.4. For all i, j € fthefollowing relations are satisfied:

1=E0T T < o0);
h(i) = h(HE:@O07T.T7 < o0);
v(i)h() = (B0 T T < 00)) ™.

Proof. Since the law ﬁi is the one of a positive recurrent Markov chain with stationary
distribution given by vk, we obtain straightforwardly from (5) that the above three
relations are respectively equivalent to

BT <o0)=1; Bi(h(T7), T/ <o00) =h(j): (Bi(TH)™' = v(i)h(). D

24 Trajectories that are never killed. Let us observe that from relation (3) the
following quasi-limiting behavior is obtained:

~ Pi(X, =j
Viel: lim Pi(Xy=j|T>n) :nILrgoﬁ =v(j) forall jel.
. ()
This property was shown in [1]. When v € £ (1) satisfies property (7) it is called a
quasi-limiting distribution or a Yaglom limit.
On the other hand (3) implies the following relation on the ratio of survival proba-
bilities: .
viijel: tim oI >m _ k@)
n—oo Py(T >n)  h(j)

The same estimations give:

RPN . Pi(T >n—m) _m h(@)
Vi,jel: lim —— -~ —¢9g™ —.
/ oo P;(T > n) h(j)
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We now show that the trajectories that are never killed constitute a Markov chain
and supply its law (see [4]). Letiy,...,ir € I. Taken > k. From the Markov property
we get

Pio(Xl =i1,...,. X =i, T > I’l) = Pio(Xl =i1,..., X = ik)Pik(T >n —k)
Hence,

lim Plo(Xl —ll,...,Xk:ik|T>n)

n—o0
Py (T > n—k)

=P, (X1 =i1..... Xk = ik)nli)moo Pio (T >n)
io

o ehGo o ha o,
—0 o) Piy(X1 = i1,.... Xx=ix) = l]:[l (—Hh(il_l)P”"”)'

Then the process Z = (Z, : n > 0) whose law starting from i € 7 is given by

Pi(Zl =i1,...,Zk=ik) 3=n|i)|'T;o]P)i(X1 =i1,...,Xk=ik|T>I1)

is a well-defined Markov chain taking values on I with transition probability matrix
P = (Pu i,j e I) given by (6). This Markov chain is recurrent and its stationary
distribution is vh.

Observe also that from the quasi-limiting behavior (7) we get the convergence of
the final piece of the trajectory. Indeed, for any fixed k > 0, all i1, ...ix € I and every
initial distribution » on T we have

lim ]P)n(X,H_] =i1,...,Xn+k=ik|T>n)=Pv(X1=i1,...,Xk=ik).
n—o0

Here v is the quasi-limiting distribution which, for irreducible finite Markov chains,
coincides with the unique g.s.d.

25 Lumping. Finally let us state some conditions for lumping based upon the hy-
pothesis that the killing time is geometrically distributed. This occurs for example
when the initial distribution is a g.s.d., see (2) and Remark 2.2.

We briefly introduce the notion of a lumping process. Assume X = (X, : n > 0)
is a finite state irreducible Markov chain on a finite set / with transition matrix P =
(Pij i, j € 1). Consider a partition Iy, ..., Iy of 1. Define T ={0,...,s}and take
the function y: I — T glven by Y(i) = awheni € I,. Itis said that the process
X = (X, : n > 0) with X, ¥ (X,) satisfies the lumping condition when it is a
Markov chain.

The usual lumping condition is

Vel ef0.... s} Viijel: Y Pg= > Pu. (8)

kGIr/ kEIr/
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Hence all the states in 7, are collapsed in a single state for 7 = 0,...,s. In this
situation X satisfies the lumping condition, so it is a Markov chain and its stochastic
kernel P = (Pyp : a,b € I) is given by

Pap =) Pi. wherei €I,
kEI},

In what follows we consider a two state lumping process. For this purpose we take
I ={0,...,¢}with£ > 1 and we assume X = (X, : n > 0) is an irreducible Markov
chain taking values on / with transition matrix P = (P;; : i, j € I). Consider the
partition Iy = {0}, I; = {1,...,£},s0¢¥(0) = 0and (i) = 1foralli € I1. Inour
Proposition 2.5 (see below) we shall give acondition inorder that X = (y/(X,) : n > 0)
verifies the lumping condition, that is, it is a Markov chain. This condition is related to
geometrical absorption to the state 0. For this purpose let us consider 3/ = {0} as the
set of forbidden states. So / = [, and T = inf{n > 0: X,, = 0} is the hitting time of
0 for the process X .

Our result will contain as a particular case the condition (8) which in this context
reduces to:

Viel;: P;o = Pro.

In this special case X is a Markov chain with transition matrix P given by Pyo =
Py, ﬁo] = 1— Py, ﬁl() = Pqo, ﬁ]l =1- Po. A key observation is that /P, which
is the restriction of P to 7, has constant row sums ¢ = 1 — P1o. Therefore, starting
from any initial distribution on 7, the random time 7 is geometrically distributed with
parameter Py (see Remark 2.2).

To state our generalization we need the following notion. The entrance distribution
from 0'to 7 is

Po;
> et Poj

We are in an irreducible finite case and as before we denote by 6 the spectral radius.
We also note that there exists a unique g.s.d. and its rate of survival is precisely 6.

e=(ej:iel) withe; = Po(X; =i) =

Proposition 2.5. Assume that under the entrance distribution e the randomtime 7' is
geometrically distributed (thisis satisfied when e isa g.s.d.). If the distribution of X
is a combination of §, and e, then the process X = (X, : n > 0) isa Markov chain
taking valuesin {0, 1} with transition kernel P given by

Poo = Poo, Por =1—Poo, Pro=1-6, Py =1-Pp.

Proof. Since under e the killing time 7' is geometrically distributed, from Remark 2.1
its parameter is necessarily 1 — 6. We define by ¢ the distribution on {0, 1} given by
£(0) = P(Xo = 0), {(1) = P(Xo # 0) = 1 —(0).

There is a unique (in distribution) Markov chain Y = (Y, : n > 0) taking values
in {0, 1} such that the initial distribution is ¢ and the transition matrix Q is given by
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Qoo = Poo = 1— Qo1, Q11 = 6 = 1 — Q0. This process is characterized by the
sequence of independent sojourn times at 0 and 1, which are geometrically distributed
with parameters 1 — Py and 1 — 6 respectively.

On the other hand, the process X is realized as follows. Since the initial state of
X is chosen at random with the distribution ¢(0)8o + ¢(1)e, the initial distribution of
X is¢. If Xo = 0, then X remains at 0 according to a geometric distribution with
parameter 1 — Pyo. If Xo #£ 0 then, conditionally on this event, this initial state has
a distribution e. By hypothesis X remains at 1 a time whose distribution is geometric
with parameter 1 — 6. The process X then continues afresh. In this way X and ¥ have
the same distribution and the result is shown. O
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The parabolic Anderson model with heavy-tailed
potential

Peter Morters

1 The parabolic Anderson problem

We consider the heat equation with random potential on the integer lattice Z¢ and study
the Cauchy problem with localised initial datum,

dou(t,z) = Au(t,z) + E(z)u(t,z),  for (1,z) € (0,00) x Z¢,
limu(t,z) = 1y(z2), forz € 24,
t0

M)

where

ANHED = Y U0 -f@)I forzezd f:2¢ >R

yEZd
ly—zl=1

is the discrete Laplacian, and the potential (£(z): z € Z%) is a collection of indepen-
dent identically distributed random variables. This problem appears in the context of
chemical kinetics and population dynamics, and also provides a simplified qualitative
approach to problems in magnetism and turbulence. Its name of parabolic Anderson
problem goes back to the work of the nobel-prize winning physicist P. W. Anderson
on entrapment of electrons in crystals with impurities, see [1]. The references [21],
[28] and [11] provide applications, background and heuristics around the parabolic
Anderson model and its relatives.

Interesting recent mathematical progress not discussed here can be found, for ex-
ample, in [23], [20], [8], [17] and [13], two survey articles emphasising recent work
on a range of potentials are [19] and [18]. Note that in some of these references the
potential field is allowed to have a nontrivial time-dependence, a feature which we shall
exclude from the discussions of the present paper.

The parabolic Anderson problem has a unique nonnegative solution if

E[(£(0) v 0)¥T¢] < 00 for some € > 0,

see [21]. Under this condition, the solution has a probabilistic representation known
as the Feynman—Kac formula. Indeed, suppose the potential (£(z): z € Z%) is fixed
and let (X;: s > 0) be a continuous time random walk with generator A started at the
origin. Let a particle following this walk have a mass, which is initially set to one.
Suppose the particle mass grows with rate £(z) when the particle sits at a site z with
positive potential, and shrinks with rate —&(z) when the particle sits at a site z with
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nonpositive potential. The solution u(z, z) of the parabolic Anderson problem is then
given as the expected mass of particles at site z at time ¢. In other words,

u(t,z) = ]Eo[l{xt=z} exp [O t s(Xnds)], 2)

where the expectation refers only to the random walk, so that the solution is random
due to its dependence on the potential (£(z): z € Z9).

The main reason for the great interest the parabolic Anderson model has received
over the past ten years is due to the intermittency effect which is believed to be present
in the model as soon as the potential random variables £(z) are truly random. Loosely
speaking, intermittency means that, as time progresses, the bulk of the mass of the solu-
tion is not spreading in a regular fashion, but becomes concentrated in a small number
of spatially separated connected sets of moderate size, whose location is determined by
the potential, which are called intermittent islands. This means that there is a marked
contrast between the behaviour of a diffusion in a constant potential, which, by the cen-
tral limit theorem, spreads the bulk of its mass at time ¢ over a ball of radius of order /7,
and the behaviour of a random potential with even the slightest randomness. For ex-
ample, in the case of a potential given by P{£(0) = 0} = ¢, P{£(0) = -6} = 1 — ¢,
for ,6 > 0, Biskup and Konig [9] provide evidence that the mass is almost surely
concentrated in a small number of islands with diameter of order (log7)!/¢ located in
areas where the potential has a high concentration of zeroes.

On a heuristical level, the reason for this intermittent behaviour is the competition
between the benefits of the random walk path spending much time at sites with large
potential values, which is manifest from the exponential term in (2), and the unlikeliness
of such paths. Even in the case of an only mildly random potential, there is an expo-
nential advantage in spending most of the time in an area with maximal potential and
therefore exponentially unlikely random walk paths make the dominant contribution
to the expectation in (2). The strength of this effect depends on the distribution of the
potential values &(0), more precisely on the tail of the distribution of £(0) at infinity.
If the distribution has a bounded support, the main contribution will come from walks
confined to islands consisting of sites with near maximal potential values. There will
be a careful balance between the probability that a random walk reaches such an island
in time o(¢) and stays there for the remaining time on the one hand, and the height of
the potential on the island on the other hand. We expect that as time progresses the walk
can reach larger and larger islands. Such behaviour also prevails if £(0) has a very light
tail at infinity. If the upper tail of £(0) is sufficiently heavy however, we expect that
only random walks that go to certain optimal sites in time o(¢) and remain at such a site
for almost the entire time will contribute to the expectation. In this case the solution is
localised in islands which are single sites and, in particular, do not grow in time.

Itisavery hard problem to make the above heuristics rigorous, confirm the geometric
picture of intermittency and study the precise time-dependence of the size of the islands
as a function of the distribution of the potential values. Worse even, hardly anything is
known about the number of islands on which the solutions are concentrated. Apart from
the work described here, we note that progress on the geometry of the solutions has been
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made on the one hand in the work of Sznitman for the closely related continuous model
of a Brownian motion with Poissonian obstacles, the work of his group is surveyed in
the monograph [29], and on the other hand in the seminal paper of Gartner et al. [20],
which treats the vicinity of the double-exponential distribution. The bulk of the literature
however offers an alternative, less explicit, approach to the problem, by giving a rigorous
expansion of the growth rate of the total mass of the solution in the time variable. This
can then be interpreted in terms of geometric quantities like the size of the islands, and
the height and profile of the solution on an island, see Section 2 for some more detail. In
this context it was shown in [23] that there are four universality classes in the parabolic
Anderson model, dividing potentials into classes corresponding to qualitatively different
types of intermittent behaviour.

Roughly speaking, we can learn from this analysis that we can expect islands to be
growing over time if the tails are light enough to satisfy

(A) % log [ log P{£(0) > x}| — oo asx 1 oo,

whereas the islands consist of single sites if

(B) % log | log P{£(0) > x}| — 0 asx 1 oo.

Class (A) covers all bounded potentials and some incredibly light-tailed unbounded
ones, most of the unbounded potentials (in particular the class of Gaussian potentials)
belong to class (B). Note that the rigorous results about this classification require mild
additional regularity assumptions, which we neglect for the purpose of this introduction.

The present paper reports on the progress obtained in the attempt to study the
geometry of the solutions for potentials which lead to islands consisting of single sites.
Apart from the author of this survey, the researchers involved in various stages of this
project were Remco van der Hofstad (Eindhoven), Wolfgang Kénig (Berlin), Hubert
Lacoin (Paris), Marcel Ortgiese (Berlin) and Nadia Sidorova (London). For our analysis
we chose the potentials with the heaviest possible tails. In fact we assumed that the
potentials follow the Pareto distribution

P{EWO)>x}=x"% forallx > 1.

We assumed that the parameter « is strictly bigger than the lattice dimension d, which
is necessary and sufficient for the existence of a nonnegative solution to the parabolic
Anderson problem.

While the choice of a potential with only polynomial decay at infinity was expected
to make the possible qualitative effects of the random environment very pronounced,
we were facing the technical challenge that much of the established techniques to study
the parabolic Anderson problem were not available to us, as they require finiteness of
some moments of the solution. As a result, new techniques had to be developed. |
will give a flavour of these techniques when presenting the results of this project in the
following sections.
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2 Thegrowth rate of the total mass

For comparison, we start by looking at the situation in the case of potential with milder
irregularities, more precisely we assume that all exponential moments (with positive
rate) of the random variable & (0) are finite. Then the function

H(r) :=log Ee'$©@  fors >0,
is well defined and finite. Define

U) := Z u(t,z)

zeZ4

to be the total mass of the system at time ¢. A large deviation heuristic (detailed, for
example, in [23]) suggests that the following almost sure expansion holds as ¢ 1 oco:

H(Bra(Br)™?)
Bra(Br)~4

where « and 8 are positive scale-functions and «(8;) plays the role of the order of the
diameter of the intermittent islands at time ¢. The first order term describes the height
of the potential on an island at time ¢ and therefore the growth rate of the solution.
The number « in the second order term is the minimiser in a variational problem
whose optimiser describes the profile of the solution on an island scaled to diameter of
constant order. As indicated above, the papers [22], [9], [23] give rigorous asymptotic
expansions of } log U(r) up to the second order term, which can then be interpreted in
terms of these heuristics. Between them they cover all potentials with finite exponential
moments, subject to mild regularity assumptions.

Note that the heuristics above predicts that the two leading terms in the expansion
of the random variable } log U(r) are deterministic. In [24] we have shown that this
does not apply in the case of the Pareto potential, as already the leading term is random.

1
;Iog U(t) = —a(Br)? (k + o(1)),

Theorem 2.1 (Weak asymptotics of the growth rate, Theorem 1.2 in [24]). Suppose
that the random variable £(0) is Pareto distributed with parameter @ > d. Then, as
t 1 oo,

log r)a*a
% logU(t) = ¥, where P{Y <y} =exp(— 0y

a—d
and

(@« —d)¥29B(a—d,d)

6 .= ,
d(d —1)!

where B denotes the beta function.
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Remark 2.2. (a) The limitlaw Y is of extremal Fréchet type with shape parameter «—d.

(b) The fact that already the first term in the expansion of % log U(¢) is random
is due to the extreme irregularity of the Pareto potentials. The main result of [24] is
an expansion for the case of the Weibull potentials, which shows that in this case the
leading term in the expansion is still deterministic. Starting from the second term we
have a discrepancy between the almost sure liminf and limsup behaviour. A weak limit
theorem with nondegenerate limit distribution can only be observed for the fourth term,
in which case we see a limit variable of Gumbel type.

We can also describe the fluctuations in the growth rate in an almost sure sense. To
this end, we use the abbreviation

Ly := 1 logU(t).

Theorem 2.3 (Almost sure asymptotics of the growth rate, Theorem 1.1 in [24]). Sup-
pose that the random variable £ (0) is Pareto distributed with parameter o > d. Then,
almost surely,

logL, — z%;logt  d—1

limsu = — , ford > 1,
t—>oop loglog¢ a—d ~
logL; — -2 log¢ 1
lim sup 90— 5-g 1097 _ , ford =1,
00 logloglog ¢ a—d
and
logL, — -2 log¢
liminf 292t " a—a %9 ___d , ford > 1.
100 log log ¢ a—d

Remark 2.4. Theorem 2.1 shows that the liminf above is indeed a limit in probability,
which demonstrates that the differing limsup behaviour is due to a small number of
exceptional time scales where the growth rate is slightly bigger than typical.

We postpone the discussion of proof techniques to Section 4 where we give a
considerable strengthening of Theorem 2.1.

3 Localisation: Theone- and the two-citiestheorem

Having looked at the total mass U(z), we now shift our interest to the profile of the
solution defined as

u(t,z)
U()

v(t,z) = fors >0,z € 2.

In other words, for any time ¢, we define v(z, z) as the proportion of mass allocated to
the site z. Suppose that our potential is of class (B) and islands are expected to consist of
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single lattice sites. Apart from confirming this rigorously, the most interesting question
in this situation is how many islands are required to support the bulk of the solution.

Question. Findn = n(t) as small as possible such that, for suitable (pairwise distinct)
random points Z;”, e, Z;”’ € 79, we have

n
lim v(t, ZY =1,
fn Dot 21

where the limit could be (a) in probability, or (b) almost surely.

This problem is essentially open for all nontrivial potentials in class (B) except for
the Pareto potential, where it is solved in [25], a result we now present. We suppose
from this point on in all our theorems that the random variable & (0) is Pareto distributed
with parameter o > d.

Theorem 3.1 (One point localisation in probability, Theorem 1.2 in [25]). There exists
a cadlag process (Z;: t > 0) with values in 74, depending only on the potential field,
such that

lim v(t,Z;) =1 in probability.

t—>00

Remark 3.2. (i) The solution is concentrated in just one site with high probability, a
phenomenon often called complete localisation. To the best of our knowledge this has
not been observed in any lattice-based model of mathematical physics so far, but it is
not uncommon in mean-field models, see, for example, [15], [16].

(i) We conjecture that the one-point localisation phenomenon holds for a wider
class of heavy-tailed potentials, including the Weibull potentials, but does not hold for
all potentials in class (A). In particular, it would be interesting to learn whether in the
case of exponential distributions one needs n(¢) — oo points to cover the bulk of the
solution.

An investigation of the proof of Theorem 2.1 given in [24] shows that

(logt)ata
LT Jogu(t. Z) = 0.

toa—
Note that this together with the asymptotics in Theorem 2.1 does not yield the con-

centration property in Theorem 3.1 since the asymptotics are only logarithmic. Much
more precise techniques are required to prove the full strength of Theorem 3.1.

We describe the philosophy behind the proof, sketching the argument detailed
in [26]. To guess the right choice of (Z;: ¢t > 0) assume for the moment that the
competition between the paths contributing to the expectation

U@t) = Eo[exp (/:";‘(Xs) ds)]
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is only between paths that go to a site z in time o(¢) and stay there. While the exponential
factor in this case yields exp(¢£(z) (1 +o0(1)), for z sufficiently far away from the origin
the probability of such a path is essentially given by the probability that a random walk
makes the minimum number of steps required to reach site z, which is the £!-norm
Iz]l1. As the number of steps of the walk in ¢ time units is a Poisson random variable
with mean 2dt the cost of reaching z is approximately

(2dr)lzlh s

T = exp (= |z]l log 333 (1 + o(1))).

Therefore we choose Z; as the maximiser of the function

l1z[l1 z1l1
lo ,
t g 2dte

Note that the subtracted ‘penalty term’ depends increasingly on the £!-norm of the
site z. Therefore, for the proof of Theorem 3.1, we can construct a centred £!-ball
of random, time-dependent radius %, so that Z, is the site of maximal potential value
in that box. Note that || Z,||; would be a possible choice of such a radius, but in fact
we can typically make it a bit larger. Given a site z and large time ¢ we split u(z, z)
into three terms, which correspond to the contributions to the Feynman—Kac formula
coming from paths that

(1) by time ¢ have left the ball {z: ||z|l1 < A},

forz € 74.

Wi(z2) = §(2) —

(2) stay inside this ball up to time ¢ but do not visit Z,, and
(3) stay inside this ball and do visit Z;.

Itturns out that the total mass of the first two terms is negligible. For the first contribution
this comes from an analysis, based on extreme value techniques, that shows that the
radius A, is very large at time ¢ with high probability, so that it is very unlikely for
random walk paths to leave this ball before time ¢. The argument for the second term is
based on the fact, also obtained from extreme value analysis, that with high probability
there is a large gap between the largest and the second-largest value of { W, (z): z € Z4}.
Hence the contribution of paths avoiding Z, is small compared to paths that spend a
significant amount of time there.

It finally remains to show that there is only a negligible contribution from paths that
stay in the box, visit Z, but do not end up in Z; at time ¢. The argument for this is
based on a spectral analytical device, which is used in a similar manner as in [20]: We
show that the third term above can be controlled in terms of the principal eigenfunction
of the Anderson Hamiltonian, A + &, in the ball with zero boundary conditions. This
eigenfunction turns out to be exponentially concentrated in the maximal potential point
in the ball, which by construction is Z,. Hence the total mass U must be concentrated
in Z,, completing the sketch of the proof of Theorem 3.1.

Remark 3.3. The convergence in Theorem 3.1 cannot hold in the almost-sure sense.
Indeed, assume that v(z, Z,) > 2/3 for all t > 9. As v(-,z) is continuous for
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any z € Z4, atany jump time ¢ > 1, of the process (Z,: t > 0) we have v(t, Z;—) +
v(t, Z;) > 4/3, acontradiction. From the growth of U(z) one canseethat (Z;: t > 0)
is not eventually constant, and thus has jumps at arbitrarily large times.

By the previous remark, at least two sites are needed to carry the total mass in an
almost sure limit theorem. The main result of [25] shows that, in the case of Pareto
distributed potentials, we have indeed almost sure localisation of the solution u(z, -)
in two distinct lattice points Z{" and Z{*, as t — oc.

Theorem 3.4 (Two cities theorem, Theorem 1.1 in [25]). There exist processes
(ZzP:t > 0)and (ZP:t > 0) with values in Z¢, depending only on the poten-
tial field, such that Z{" # Z for all ¢t > 0, and

lim v, Z") +v(t. ZP) =1 almost surely.
—>00

Remark 3.5. The term two cities theorem was suggested by S. A. Molchanov. The
underlying intuition is that at a typical large time the mass, which is thought of as
a population, inhabits one site, interpreted as a city. At some rare times, however,
the entire population moves to the new city, so that at the transition times part of the
population still lives in the old city, while part has already moved to the new one.

Again we sketch the philosophy behind the proof. The main reason why this result is
much harder than Theorem 3.1 is that the approximation of % log U(¢) by the maximum
of W, is not good enough at all large times ¢ and a more complex variational problem has
to be built to describe the cost and benefit of paths spending their time predominantly
at asite z.

To this end, we look at the event that, for some p > 0, the random walk wanders
directly to a site z during the time interval [0, p¢] and stays there throughout [p?, ¢].
Denoting n(z) := log #{ paths of length | z||; from origin to z}, this event has proba-
bility

e"®  (2dpr)lzh —2dpt ,~2d(1—p)t
@d)lzlh izl

=exp (— [z[l1log ZLt — 241 + n(z) + 0(1)).

The reward for this behaviour is exp(z (1 — p)é(z)(1 + o(1))) and therefore we look at
those (p, z) which maximise

sup sup {(1—p)§(z) — L2t 1og 21 4 2203

zeZ4 p€(0,1)
Looking for the global maximimiser of the inner variational problem we get p =
lz|l1/(€(2)), which for large ¢ becomes smaller than 1. Hence Z{" and Z* are
chosen as the two largest values of

”Zt”l log£(z) + @

®i(2) :=§(2) -




The parabolic Anderson model with heavy-tailed potential 75

We are then able to show that, almost surely,

+1og U(r) ~ max ®,(z).
zeZd

The proof of Theorem 3.4 is, just as in the case of the one-point localisation, based on a
decomposition of paths, this time five rather than three cases need to be distinguished,
and a similar, albeit slightly refined, arsenal of techniques. Without going into detail,
the big difference is that in the almost-sure sense we can only expect a gap between
the largest and the third-largest value of {®,(z): z € Z9}, because whenever 1, is
such that the maximiser z; for all large ¢ < ¢, is different from the maximiser z, for
all small r > 19, we necessarily have ®;(z;) = ®,(z,) by continuity of the mapping
t — ®,(z). This requires a different treatment of cases where the gap is between the
largest and second-largest value, or between the second-largest and third-largest value,
respectively.

4 Scaling limit theorems

Having seen that the solution of the parabolic Anderson problem with Pareto distributed
potential field is concentrated in a single point at most times, it is natural to ask how
the location of that point moves as time progresses. Theorem 1.3 (a) of [27] gives a
functional scaling limit theorem for the localisation point, together with the value of
the potential in that point. For definiteness of the formulation define X, by the property
that v(z, X;) is the maximum value of the profile at time z. For the (countably many)
times where this peak is not unique we choose the one with the smallest £!-norm.

Theorem 4.1 (Functional scaling limit theorem, Theorem 1.3 of [27]). There existsa
time-inhomogeneous Markov process ((Y,”, ¥,?) : t > 0) on R? x R such that, as
T — oo, we have

()" X, (%5) =7 5(X,p) : ¢ > 0)

= (002 + 22517 ) « ¢ > 0),

in distribution on the space of cadlag functions f': (0, 00) — R4 x R with respect to
the Skorokhod topology on compact subintervals of (0, co).

Before we give a detailed description of the limiting process and comment on the
proof of this result, we discuss some of its interesting consequences.

Remark 4.2. (i) Projecting onto the first coordinate attime s = 1 weobtain,as7 — oo,
() 7 xr = ¥

in distribution. This means that the contributing random walks move with superlinear
speed to the optimal point, a very remarkable fact. This result was also obtained as
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Theorem 1.3 in [25] where the limiting random variable was characterised by its density

oy —a [ R &
o v+ 3L lxlh)

where 6 is the same constant as in Theorem 2.1.
(ii) Using that %Iog U(t) ~ max,cza Y(z) in probability, we can derive from
Theorem 4.1 a functional version of Theorem 2.1: As T — oo, we have

_d
((%)a—d IogItJT(fT) -y >0) — (Yt(2)+ ﬁ(l _%)”Ytu)nl - >O).

As all involved processes are continuous, this convergence holds in distribution on the
space of continuous functions f: (0, c0) — R with respect to the uniform topology
on compact subintervals.

(iii) To formulate a more classical (but weaker) scaling limit theorem we extend
the profile to (0, 0o) x R¥ by taking the integer parts of the second coordinate, letting
v(t,x) = v(t, | x]). Taking nonnegative measurable functions on R¢ as densities
with respect to the Lebesgue measure, we can interpret a4 v(t, ax) for any a,t > 0
as an element of the space M(R¢) of probability measures on R?. Denoting by
8(y) € M(R?) the Dirac point mass located in y € R¢ we obtain, as T 1 oo,

((%)O‘Q_d v(eT, (%)ﬁx) t > 0) = (B "):1>0),

in the sense of convergence of finite dimensional distributions on the space M (R%)
equipped with the weak topology. In other words, the scaled solution profile converges
to a wandering point mass whose path is given by the process (Y, : ¢ > 0). This
formulation of the result is intuitive, but has two drawbacks: first it cannot be improved
to convergence on a standard path space, and second it only contains the information
that the mass a time 7 is concentrated in an island of size o((7/log )@= ) and hides the
fact that this island is indeed a single site.

In order to describe the limit process we need to introduce some notation. Denote
by IT a Poisson point process on the cone

HY .= {(x,y) eRY xR: y > —ﬁ”x”l}
with intensity measure

ady
(v + 2L x|t

v(dx dy) = dx ®

Given this point process, we can define an R¥-valued process Y, and an R-valued
process Y, in the following way. Fix ¢ > 0 and define the open cone with tip (0, z) as

€(2) = {(x.») € R xR @y + 245 (1= Dlxli > 2},
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@t <1.

(b)r > 1.

Figure 1. The definition of the process (Y,", ¥,*’) in terms of the point process I1. Note that ¢
parametrises the opening angle of the cone, see (a) for ¢ < 1 and (b) for¢ > 1.
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and let

€ =c| J{€@ : ) =0}

z>0

Informally, €; is the closure of the first cone €;(z) that ‘touches’ the point process as
we decrease z from infinity. Since €, N IT contains at most two points, we can define
(Y",Y?) as the point in this intersection whose projection on the first component
has the largest £!-norm, see Figures 1(a) and 1(b) for an illustration. The resulting
process ((Y,",Y?): t > 0) is an element of D(0, o), the space of cadlag functions
on (0, co) taking values in R? x R.

Remark 4.3 (Time evolution of the process). (i) (¥,", Y,?) is the “highest’ point of
the Poisson point process TI1.

(i) Given (Y,”, Y*)and s > r we consider the surface given by all (x, y) € R? xR
such that

y=Y2 — (1= Y)(lIxl = 1Y)

For s = ¢ there are no points of IT above this surface, while (Y, Y,”’) (and pos-
sibly one further point) is lying on it. We now increase the parameter s until the
surface hits a further point of I1. At this time s > ¢ the process jumps to this new
point (Y., Y®). Geometrically, increasing s means opening the cone further keeping
the point (Y,”, Y,”) on the boundary and moving the tip upwards on the y-axis.

(iii) Similarly, given the point (Y,”, Y,*) one can go backwards in time by decreas-
ing s, or equivalently closing the cone and moving the tip downwards on the y-axis.
The independence properties of Poisson processes ensure that this procedure yields a
process (Y, ", Y?): t > 0) which is Markovian in both the forward and backward
direction. Note however that the projection (Y, : ¢ > 0) is not Markovian (in either
time direction).

(iv) An animation of the process ((Y,", Y,”): ¢ > 0) provided by Marcel Ortgiese
can be found at http://people.bath.ac.uk/maspm/animation_ageing.pdf

Remark 4.4. The process which describes the asymptotics of the scaled potential value
in the peak,

Y2+ LYt > 0),
corresponds to the vertical distance of the point (¥,”, ¥,?’) to the boundary of the
domain H, given by y = —ﬁllxlll, see Figure 2(a). The process which describes
the asymptotics of the scaled growth rate of the solution,

(Yt(z) + (1 - %)”Yt(l)”l: > 0)

corresponds to the y-coordinate of the tip of the cone ¢;, see Figure 2 (b).
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d

Y =—aa llx1

(a) The process describing the potential in the peak.

\1‘2

d
y=—=%lxlh

(b) The process describing the growth rate of the solution.

Figure 2. The position of the cone €, at three times 1 = 19 < 1 < 15 is indicated by the three
dashed contours. The maximal point of the Poisson process is marked by the bold dot on the
dashed horizontal line. The two times ¢ and ¢, are jump times for the process (Y,": ¢ > 1)
with the Poisson points triggering the jumps marked. The vertical positions of the three dots
represent the value of this process. (a) The length of the arrows indicate the value of the process
Y2+ 2L 1YV|l1 : t > 0) atthe three times corresponding to the dots at the end of the arrows.
(b) The length of the arrows indicate the value of the process (¥, + (1 — 1) Y"1 : ¢ > 0) at
the three times, increasing from left to right.
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The proof of this result uses the point process technique developed in [24]. We
briefly describe the main idea here. Recall that at most times the peak X, equals the
maximiser Z, of the variational problem given by W,. We have seen that, in probability,

1
—logU(T) ~ max ¥ .
7109 U(T) ~ max Wr ()

Forrp = (T/log T)a~a and az = (T/ log T)a 2 the point process
HT— Z(S(Z,\IIZ;)
zezZd

where 8, denotes the Dirac measure in x, converges to a Poisson point process IT with
intensity measure v(dx dy), as defined in the description of the limiting process. For
fixed ¢ and large T' we obtain, when z/rr is of constant order,
Yt (2) "y Yr(z)
ar ar

Iz1l1
b atp (1 L

Note further that
£(z) Y Yr(z) d 1z 1l1
a— ~ + a—d .
T ar rT
This allows us to approximate the events of interest with events involving only the point
process IT7. Informally, we obtain

{ZtT €A, S(ZrT) c B}

m// P{HT(dx dy) > 0,
xeA,y+ﬁxeB
Or{E.7): 75—y > 24 (1= 1) (Ixlli — IX])} = 0},

where the first line of conditions on the right means that there is a site z/rr € A
with Wy (z)/ar = y and £(z)/ar € B, and the second line means that W,7(z) is not
surpassed by W, (z) for any other site x = z/rr. We can now use the convergence
of TIr to IT inside the formula to give the limit theorem for the finite-dimensional

distributions of . .
(e £G2) < 1 > 0).

Checking a tightness criterion in Skorokhod space completes the argument.

5 Ageingin the parabolic Anderson model

In a physical system which changes over time we are naturally interested in the time
scales in which we experience significant changes of the system. If the system has
randomness we may, for example, try to find a function s(¢) such that the probability
that the state at time ¢ remains unchanged up to time ¢ + s(¢) remains bounded from
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zero and one, as ¢ 1 oco. We may say that the system exhibits ageing if s(¢) goes to
infinity as ¢ 1 oo, while in typical cases of ageing we even observe a linear dependence
of s(z) on ¢. Hence, as time goes on, in an ageing system changes become less likely
and the typical time scales of the system are increasing. Therefore, ageing can be
associated to the existence of infinitely many time-scales that are inherently relevant to
the system. This is in marked contrast to metastable systems, which are characterised by
a finite number of well separated time-scales, corresponding to the lifetimes of different
metastable states.

Ageing has been the subject of extensive research. Some interesting papers exhibit-
ing the ageing phenomenon include the case of spherical spin glasses [7], the random
energy model with Glauber dynamics [2] and interacting diffusions [12]. The bulk of
the research however is on very simple trap models which give a phenomenological
description of a particle moving in an energy landscape getting trapped in deeper and
deeper energy wells. Interest for trap models in the mathematical community was cre-
ated through the pioneering work of [14] and [6], and a survey is provided in the lecture
notes of [3]. Recent work of Ben Arous and Cerny [5] shows that in the case of trap
models ageing is naturally linked with the arcsine law for stable subordinators, and this
connection is believed to be of a universal nature.

Coming back to the parabolic Anderson model with Pareto tails, we can conjecture
on the basis of the scaling limit theorem that the system exhibits some form of ageing:
doubling the length of the observation window asymptotically doubles the length of
periods of near constancy of the solution profile. However, the statement of the scaling
limit theorem is not strong enough to verify a full ageing result, which can be obtained
by other means.

Theorem 5.1 (Ageing in probability, Theorem 1.1 in [27].). For any 6 > 0 there exists
0 < I(8) < 1suchthat, forall 0 < & < 3,

lim P{ sup  sup |u(r,z) — (s, 2)| < s}
ttoo  \cRd se[t,t+10)]

— lim P{ sup [v(t,2) — v(t +16,2)| < e}
tfoo zeR4

— 1(0).

Remark 5.2. As discussed in [4] in trap models it is often the case that a particle is in
the same state at times ¢ and ¢ + s(¢) but has left this state briefly several times during
the interval [¢,7 + s(¢)]. This can lead to different relevant scales for the two limits
above. For the parabolic Anderson model this is not the case, the profile never returns
to an earlier state.

Remark 5.3. The constant 7(8) € (0, 1) can be given explicitly in terms of an integral.
The most interesting fact is that it does not come from a generalised arcsine law as in
the paradigm cases described in [5]. We can also describe its tails at infinity and zero
as

10)~CO0™? asfhtoo, and 1—1(0)~cO ash |0,
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for explicit constants 0 < ¢, C < oo.

Let us briefly discuss the proof of Theorem 5.1. We first show that

lim P{ sup  sup |v(t,z)—v(s,z)| < s}
1100 zeRd s€[t,t+10]

== Ilm P{Z; = Zt+t6}’
t1oo

where Z, can be taken to be the maximiser in the variational problem given by W,. To
discuss the limit on the right hand side we again approximate the probability on the
right hand side in terms of the point process IT,. We are able to write

Wipoid) _ W) 6 d ]

— + error, 3
as as 1460 a—d rt+ )

where the error can be suitably controlled. Hence (in symbolic notation)
P{Z; = Z;110)
A // P{I1,(8x8y) > 0,T1,{(x,5): y > y} =0,
MA(E. )0 3] > |xland 7 > y — 725 135 (1%] = |x)} = 0},

where the first line of conditions on the right means that x is a maximizer of ¥, with
maximum y, and the second line means that x is also a maximizer of ¥, 4,. Ast 1 oo
the point process I, is replaced by IT and we can evaluate the probability. and complete
the proof.

It is more difficult to come to a notion of ageing in an almost-sure sense, which
is observable from a typical trajectory of the solution. Roughly speaking, given the
state of the system at some time ¢, we may ask for the maximal time R(¢) such that the
system is still in the same state at time 7 + R(¢). This ‘residual lifetime function’ - to
borrow a terminology from renewal theory — hits zero whenever there is a change of
state. To find a meaningful notion of the time scale in which we experience a change
we would therefore ask for a characterisation of the upper envelopes of the residual
lifetime function.

To make this plan concrete recall that (X,: ¢ > 0) is the process of peaks of the
solution. Define the residual lifetime function by

R([) = Sup {S > 0: Xt = X[+S}s

for ¢t > 0. Roughly speaking, R(¢) is the waiting time, at time #, until the next change
of peak, see the schematic picture in Figure 3. We have shown in Theorem 5.1 that
the law of R(z)/t converges to the law given by the distribution function 1 — 7. In
the following theorem, we describe the smallest asymptotic upper envelope for the
process (R(t): t > 0).
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> 1

Figure 3. A schematic representation of the remaining lifetime function R.

Theorem 5.4 (Almost sure ageing, Theorem 1.2 in [27]). For any nondecreasing func-
tionz: (0, 00) — (0, co) we have, almost surely,

0 if foo @ _ o
R(t) 1 th(t)4 ’
1o Lh(t) it /°° dr _
) ey

The proof of Theorem 5.4 is technically more involved, because we can no longer
benefit from the point process approach and have to do significant parts of the argument
from first principles. We consider events

R(t
P{+) = 9t} ~ P{Zz = Zz+t0t},

for 6, 1 oo. We significantly refine the argument leading to Theorem 5.1 and replace
the convergence of P{Z, = Z,,,9} by a moderate deviation statement: For 6; 1 co
not too fast we show that

P{Zt = Zt+t9,} ~C 9;47

for a suitable constant C > 0. Then, if ¢(z) = th(z), this allows us to show that, for
any e > 0, the series ", P{R(e") > ep(e™)} converges if 3", h(e™)~¢ converges,
which is essentially equivalent to fh(t)_d dr/t < co. By Borel-Cantelli we get that

. R(e™)

lim sup =0,

n—00 (p(e”)

which implies the upper bound in Theorem 5.4. The lower bound follows using a more
delicate second moment estimate.

6 Conclusion

The aim of this project was to study the possible effects of a highly irregular potential
on a diffusion on a d-dimensional lattice. By modeling the potential as a spatially
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independent, identically distributed random field with polynomial tails we have seen
that the diffusion shows interesting extreme behaviour, in particular

« the growth rate of the total mass is asymptotically random,

« the solution is asymptotically concentrated in a single point at most times,

« this point goes to infinity at superlinear speed,

« the solution is asymptotically concentrated in two points at all times,

« the system exhibits ageing behaviour.

In the proofs we combine a very fine analysis of the random walk paths contributing in
the Feynman—Kac formula with extreme value theory for the random field.
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From exploration pathsto mass excursions—
variations on a theme of Ray and Knight

Etienne Pardoux* and Anton Wakolbinger**

1 Introduction

The two classical theorems of Ray and Knight (see e.g. [24], [32] or [33]) give beautiful
connections between Brownian excursions (described by 1t6’s excursion measure) and
excursions of Feller’s branching diffusion.

7

Figure 1. 1td meets Feller. Sketch of a Brownian excursion and the corresponding excursion of
a Feller branching diffusion. (Photo of William Feller: courtesy of Mladen Vranic, Toronto.)

Here is an informal statement of the second Ray—Knight theorem: The time which a
(suitably stopped) reflected Brownian motion spendsnear level ¢ (and which is formally
captured by its local timeat ¢), viewed asa processin ¢, isa Feller branching diffusion.
Let’s go for the trees in the forest: The reflected Brownian motion is the concatenation
of many Brownian excursions, and the random path of the Feller branching diffusion is
a sum of many Feller excursions (we will come back to this in Section 4). And indeed,
as adumbrated in Figure 1, the just described “Ray—Knight mapping” works also on
these building blocks, and maps a Brownian excursion into a Feller excursion.

A nice way to understand the Ray—Knight mapping is to interpret the Brownian
excursion as the exploration path of a tree, and the Feller excursion as width profile
of the same tree. This interpretation, and the mapping from exploration excursions to
width profiles (or mass excursions), is most easily conceived in a (pre-limit) situation
of binary trees in continuous time. We will review this in Section 2. There, we will
also point to a few historic landmarks and give some more hints to the literature.

*Research supported in part by the Agence Nationale de la Recherche under grant ANR-06-BLAN-0113.
**Research partly supported by Deutsche Forschungsgemeinschaft (FOR 498).
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In Section 3 we will state a continuous-time version of the Harris representation
of binary Galton—-Watson trees in terms of continuous and piecewise linear exploration
paths whose slopes change at constant rate.

In Section 4 we describe the result of a scaling limit. This takes the exploration paths
to reflected Brownian motion (exploring a forest of continuum trees) and the rescaled
mass processes to a Feller branching diffusion. With the right scaling the image of 1t&’s
excursion measure under this mapping is the excursion measure of Feller’s branching
diffusion, which is an excursion measure from an exit boundary as defined by Pitman
and Yor [30]. Poisson processes and subordinators will play a central role. Section 5
deals with subcritical branching by a Girsanov reweighting of both the exploration and
the mass excursion measures.

In Sections 6-8 we give a brief synopsis of a few recent developments in the frame-
work of “exploration and mass excursions”. Intended symmetries in the presentation are
captured by the following tableau (where FBD stands for Feller’s branching diffusion):

Sections 4 and 5: Section 6:

Ray-Knight representation Trees of excursions

of FBD of FBD

Section 8: Section 7:

Ray—Knight representation Trees of excursions

of FBD with logistic growth of FBD with logistic growth

In Section 6 we focus on Bertoin’s trees of alleles in branching processes with
rare neutral mutations, with all mutations leading to ever new types. In the scaling
limit studied in [6], the tree of alleles can be viewed as a rooted tree all of whose nodes
have a countable out-degree. The root is labelled by a subcritical Feller branching dif-
fusion, and all the other nodes are labelled by subcritical Feller excursions, where given
that the label of the parent is amass path z = (z;), the labels of its children are a Poisson
population of mass excursions with intensity measure A(z)Q, with A(z) = [, z; dt
being the “size” of z and O being the subcritical Feller excursion measure. As we
will review in Section 6, the total size of the generations in the “tree of alleles” is then
a (discrete time, continuum mass) branching process which can be represented as an
iteration of independent copies of inverse Gaussian subordinators.

Without changing the mathematics of this model, one may think of a geographically
instead of a genetically structured population and replace the concept of “mutation to an
ever new type” by that of “migration to an ever new colony”. Interesting extensions of
this model have been considered. In [7], Bertoin allows for dependencies between the
number of emigrant and “homebody” children, otherwise leaving the independence in
the individual reproduction untouched. Another extension (which includes the model
with local competition discussed in Section 7) is to replace the excursion measure Q of
the subcritical Feller branching by the excursion measure Q of some other diffusion on
R, but with the same emigration mechanism as in the model described at the beginning
of Section 6. This is the class of Virgin Island models studied by Hutzenthaler [14].
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The last two sections feature Feller’s branching diffusion with logistic growth, a
process which has been studied in detail by Lambert [18]. In Section 7 we review the
Virgin Island model in which the measure Q that governs the tree of colony sizes is the
excursion measure of Feller’s branching diffusion with logistic growth. Inanindividual-
based interpretation, this process incorporates supercritical reproduction and pairwise
fights between individuals within each colony.

At first sight, the Feller branching diffusion with logistic growth does not lend itself
to a Ray—Knight representation, because the competition between individuals destroys
the “branching property”, i.e. the independence in the reproduction. (Other than in
Section 7, we now focus on the situation within one colony.) In Section 8, however, we
will provide such a representation, by introducing an order among the individuals and
decreeing that the pairwise fights are always won by the individual “to the left”. As
we will see, this results in an exploration process which is a reflected Brownian motion
with constant upward drift plus a downward drift which is proportional to the local time
accumulated at the current level. The exploration path encodes a forest of countably
many continuous trees in the same way as reflected Brownian motion does in the critical
Feller branching case, with a sampling from the exploration time axis corresponding to
a sampling from the leaves in the forest, see [23]. With the above-mentioned “left-right
rule” for the individual fights, the excursions which come later in the exploration tend
to be smaller — the trees to the right are “under attack from those to the left”.

In this exposé our aim is to explain concepts and ideas on an intuitive rather than a
thoroughly formal level. To this end we sometimes resort to a verbal description and
refrain from giving full and rigorous proofs.

2 Harrispathsand treeprofiles

With a binary tree in continuous time one can associate (like in Figure 2) two excursions
from zero. One is the exploration excursion n which arises by traversing the tree at a
constant speed and recording the height as a function of the exploration time s. The
other is the mass excursion ¢ which gives the profile of the tree, i.e. the number of
extant branches as a function of the real time z.

The idea to establish a correspondence between planar (rooted) trees and paths by
traversing the vertices of the tree and recording the height (i.e. the distance of the root)
as a function of the “exploration time” goes back to Theodore Harris ([13], cf. [28],
ch. 6). Following Pitman and Winkel [29] we name such an exploration excursion a
Harris path. Later we will also consider the concatenation of such excursions, which
describe the exploration of a forest of trees (and is called Harris path as well). For the
moment, let us consider one single tree.

The number ¢; of branches extant in the tree at time ¢ equals half the number of the
level ¢-crossings of the Harris path », which in turn equals the number of excursions of
n above height z. Let us agree (for the moment) on a traversal speed 2. This results in
slope 2 of the Harris path, and consequently half the number of its level ¢-crossings
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Figure 2. Left: A binary tree and its Harris path (exploration excursion) . Right: The tree
profile (mass excursion) ¢.

can be read off as

1 o0
g = 1im = [ L, cerards: &)
With the chosen slope 42 of the Harris path, it is clear that the total branch length of the
tree equals the total time that is needed to traverse the tree. In particular, the integrated
mass excursion equals the length of the exploration excursion, i.e.

A@Q) = /0 ¢ dt = inf{s > 0: n(s) = 0} =: R(n). @)

If the tree is random, say critical binary Galton-Watson with branching rate o2, then
the durations of the successive periods of increase and decrease of the exploration turn
out to be i.i.d. exponential with parameter o2 /2, see Section 3.

Inan (N2, N)-scaling as described in Section 4, the concatenation of i.i.d. copies
of rescaled exploration excursions n™ converges, as N — oo, to a reflected Brownian
motion, and the sum of i.i.d. copies of rescaled mass excursions ¢V converges to a
Feller branching diffusion. Both limiting objects can be represented in terms of Poisson
populations, with the intensity measures being 1td’s excursion measure on one side and
the excursion measure of Feller’s branching diffusion (as described in [30]) on the other.
In this way, “1td meets Feller”, as the two did in Princeton in 1954, two years after the
appearance of Harris’ paper [13] with its section on “walks and trees”.

In 1963 Daniel Ray and Frank Knight published their papers [31] and [17] which
contain the essence of what is now known as the two Ray—Knight theorems. The relation
(1), which persists in the scaling limit and allows to read off the mass excursion as a
local time process of the exploration excursion (see Section 4), is at the heart of this.

Further landmarks in exploring the connection between Feller branching processes
and Brownian excursions are the work of Kawazu and Watanabe [16] and of Neveu
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and Pitman [25]. In Aldous’ 1991-93 trilogy [3], the continuum random tree shaped
up as a central object. It arises as a limit of rescaled Galton—Watson trees and plays
in the realm of random trees a role similar to that of Brownian motion in the classical
invariance principle. New limit objects, called Lévy trees, appear as soon as heavy-
tailed offspring distributions come into play. For the description and the analysis of
these trees as well, exploration and “height” processes are an important tool. Yet an-
other pioneering development has been Le Gall’s Random snake [21], which, based
on the idea of exploration processes, provides a representation of Dawson and Watan-
abe’s super-Brownian motion (and other measure-valued branching processes, [8]) as
a continuum-tree-indexed Markov motion. For this and further extensions, we refer to
the monographs of Duquesne and Le Gall [10], Evans [11] and Pitman [28], and to the
survey papers [22], [23] by Le Gall.

3 A discrete Ray—Knight theorem

In this section we state a version of the Ray—Knight theorem for Harris paths. The
central observation is Lemma 3.1, which (in the critical case) traces back to [20].
Our proof, which can be easily adapted to a non-critical binary branching like that of
Lemma 8.1 below, is similar to that of a more general result by Geiger and Kersting
([12], Theorem 2.1), who, however, use exploration paths with downward jumps. See
also [29] and [4] for other variants of the proof of Lemma 3.1.

Consider a binary critical Galton—Watson tree in continuous time with branching
rate (or variance parameter) o2, called T(o2) for short. Think of each branch having an
Exp(o2/2)-distributed lifetime and carrying a rate o2 /2-Poisson process of birth time
points. When the death clock rings, the branch terminates (in a leaf of the tree), when a
birth clock rings, then a new branch, and hence a new independent subtree, starts, say,
to the right of the mother branch.

The tree is traversed with constant speed 2 in the following “depth first search”
manner: Start from the root and follow the leftmost branch up to its leaf, then turn and
go down. Let By > B, > --- > Bg be the time points of births along the leftmost
branch, written in descending order. If K = 0, that is if there are no birth points along
the leftmost branch, then go down to height 0 and stop. Otherwise, turn at height B,
and enter the branch born there, proceeding in the analogous way as before, now using
the birth time points along that branch. When coming down to height B; again, proceed
downwards to height B, if K > 1 (and then turn and enter the branch born at time B,
and so on), otherwise go down to height 0 and stop there.

Lemma3.1. Theexploration processof thetree T(c2) constructed inthejust described
way is in distribution equal to an excursion £ from 0 of a process with continuous,
piecewiselinear pathswith slopes 42, starting at height 0 with positive slope, changing
slope at rate 02, and dying at itsfirst return to 0.

Proof. Whenever the exploration process moves upwards, it traverses, independently
of its past, an Exp(c2/2)-distributed height before changing slope. Now consider a
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downward piece of the exploration process. The birth points along the branches of the
tree form a Poisson process with intensity 62 /2. The same is true for the yet unexplored
birth points on the path between any point in the tree and the root, independently of
the previous exploration. Hence, if the height of the current point is ¢, the distance
travelled down from this point is distributed as min(7, 7), where T is an Exp(c2/2)-
random variable. O

For an R 4 -valued path & = (h,,u > 0), we put

N

o1
Ag(t,h) = shr% E 1{t<hu<t+a}du (3)
- 0

provided the right hand side exists, and define A (¢, h) := Ao (2, h).
In view of (1) and (3) we thus obtain from Lemma 3.1 the following

Corollary 3.2. For a random excursion E as in Lemma 3.1, A(-, E) has the same
distribution as the profile (or “mass excursion”) of the random tree T(c?), and hence
is a critical binary Galton—-Watson process with branching rate o and one initial
individual.

4 Brownian scaling: 1to meets Feller

Now let us have a look at a scaling by N which, as N — oo, takes a sequence of
Galton—Watson processes into Feller’s branching diffusion. Time is speeded up by
the factor N, mass is scaled down by the same factor N, and there are | N x| initial
individuals instead of one, with x being a positive real number. As to the exploration
paths, this results in a concatenation of | Nx | exploration excursions. In view of (1)
and (3), the downscaling of the mass is achieved by speeding up the exploration by a
factor N, which results in slopes =2/N. Measured in real time, the rate of change of

) ) . . ..
the slope is %N, and measured in exploration time, it is 02N2.

Definition 4.1. For N € N let H" be a continuous, piecewise linear process with
slopes =2 N, starting in O with positive slope, changing slope at rate o> N 2 and reflected
at 0. Moreover, for x > 0, let H">* be the path H¥ stopped at the time S )ICV when
completing | Nx| excursions from 0. In other words, S equals the smallest s for
which Ag(0, HY) > |[Nx]/N.

Remark 4.2. Due to Lemma 3.1, H* is equal in distribution to the exploration path
of a rescaled Galton—Watson forest consisting of |x/N | trees. Hence, analogous to
Corollary 3.2, the “level counts” of the rescaled Harris path are equal in distribution to
a rescaled Galton—Watson process, i.e.

1

d
A HY o £ (TR @

where (I‘f),zo is a critical binary Galton—Watson process with branching rate o and
k initial individuals.
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The sequence of paths A% as described in Definition 4.1 converges, as N —
oo, in distribution to a reflected Brownian motion with variance parameter 4 /02,
(Note that the expected time between two consecutive changes of the slope of H¥ is
Ay := 1/(02N?), and the variance of the height difference is 2N )2(1/((02N?))?) =
(4/0%)An.) Although local times are not continuous functionals of the paths, it is pos-
sible to take the limit N — oo in (4), see e.g. [4]. This is one road to the classical

Ray—Knight Theorem. Let H be reflected Brownian motion with variance param-
eter 4/02. For x > 0 define

Sy = inf{s > 0: A0, H) > x} (5)

and put H* := (Hs)o<s<s, and A(H*) := (As, (¢, H))t>0. Then
AH) L 7~ (6)

Here, Z~ isa critical Feller branching diffusion with variance parameter o2, i.e. a weak
solution of the SDE

dZ, = o/Z;dW;, Zo = x, (7

with W a standard Brownian motion.

The quantity As(¢z, H) gives one way to measure the time which the path H spends
at level ¢ up to time s. An alternative way to do this is via the semimartingalelocal time
Ls(t, H) (see [32], Chapter V1)). For unit variance (4/02 = 1), Ls(t, H) = As(t, H)
a.s. ([32], Corollary VI1.1.9). L and A obey the scalings Ls(t,kH) = kLs(t, H),
Ag(t,kH) = LA(t, H) for k > 0. Consequently, L and A are related via

Ls(t,H) = S As(t, H) as., (8)

which corresponds to the occupation times formula, see e.g. [32], Corollary V1.1.6.
Note that H can be represented as H = §| B, with 8 a standard Brownian motion.

By Tanaka’s formula, one has |8s| = Bs + Ls(0, 8) for a standard Brownian motion

B. Since Ls(0,|8]) = 2Ls(0, B) and because of the scaling of L;(0, H) we obtain

2 1
Hy = —Bs; + —Ls(0,H). 9
o 2

Let n be 1td’s excursion measure of Brownian motion, and n its restriction to &, the
set of [0, co)-valued excursions. The intensity measure for the excursion representation
of (9) on the A (0, H)-axis is given by

i=2ni(2n¢€). (10)

In other words: Let (&;, n;) be the points of a Poisson process on R ;- x &+ with intensity
measure dx ® 71 and write msi < M for the concatenation of all the excursions »; with
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& < x, constructed as in [32], Proposition XI1.2.5. Put H* := (H)o<s<s, With Sy
defined in (5). Then

H* £ [ m. (11)

& <x

The prefactor 2 /o in (10) comes from the scaling relation A (0, §|,3 ) = SaA5(0,[B)).
Indeed, because of the relation L;(0,|8]) = 2Ls(0, B), the measure n is the inten-
sity measure for the excursion representation of reflected Brownian motion || on the
L.(0,[B])(= A.(0, |B]))-axis.

Clearly, A( Mg, <x i) = > ¢ <x A(ni). Combining this with (11), we arrive at the
following re-formulation of the Ray—Knight representation (6):

> A £ 27 (12)

§i=<x

Let O be the image of 7 under the mapping 5 — ¢ := A(n), i.e.,

Q0 =n(An) €-). (13)

Then, by the Poisson mapping theorem, (§;,¢;) := (&, A(n;)) is a Poisson point
process with intensity measure dx ® Q. Thus, (12) translates into

2L 3 4 x>0 (14)

§i=<x

which is a representation of Feller’s branching diffusion in terms of a path-valued

subordinator that decomposes Z* with respect to the ancestral mass. In particular,

(14) renders the so-called branching property of Feller’s branching diffusion: Z***’ 4

Z* + 7* with Z* and Z* independent.

The measure O can be understood as the Lévy measure of the path-valued subordi-
nator (14) (or also as the canonical measure of the infinitely divisible random measure
Z7 dt). We claim that

00) = lim Lp(z¥ € (), (15)
x—>0 X

which identifies O as the excursion measure of Feller’s branching diffusion (7) in the
sense of Pitman and Yor (see [30], Section 4, and [14], Section 9).

To see (15) it suffices to look at the random variables ( f, Z*) := f0°° S Z}dt
for continuous functions f: R4 — R, with compact support that vanish on [0, €]
for some ¢ > 0. Because O (¢, > 0) < oo, only a finite (Poisson) number of sum-
mands contribute to ( f, Z*). As x — 0, the probability that more than one summand
contributes is o(x), hence P(( f, Z*) € (1)) = xQ({ /. Z*) € (-)) + o(x).

The (o-finite) measure Q is Markovian, having the semigroup of (7). Let us em-
phasize, however, that for the dynamics (7), other than in the classical 1t6 excursion

theory, the point 0 is not regular but absorbing.
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As a preparation for the next two sections we compute for the area under Feller’s
branching diffusion the decomposition that corresponds to the representation (14). In
other words, we compute the Poisson representation of the infinitely divisible random
variable f0°° Z7 dt, with Z* being the solution of (7). Here, a crucial observation is
the identity

R(n) = A(%) (16)

for ¢ = A(n), with R(n) being the length of the exploration excursion n and A(¢) the
area under the mass excursion ¢ , cf. (2). This identity follows with the choice f =1
from the occupation times formula ([32], V1.1.6)

R(n) )
/ S(s)ds = / SO AR (. n)dt.
0 0

We recall that the image of n under the mapping n — R(n) is

p(da) :=n(R(n) € da) = da, an

1
V2ma3

see [32], Proposition XI1 2.8. This p is the Lévy measure of the inverse Brownian local
timeat 0, which is a %-stable subordinator. Using (14), (2) and (5) we obtain

azy= [T zrar L Y ag) = Y R = S (18)
§<x §i<x

Hence (A(Z*)) as well as (Sy) is a subordinator with Lévy measure
Q(A() € da) = ii(R(n) € da) = 2n4(R(n) € da) = +p(da), (19)

where we used (17) and the fact that n. o R™! = 1n 0 R™! in the last equality of (19).

Thus, due to Lévy’s representation of Brownian local time as current maximum of a
Brownian motion ([32], Theorem V1 2.3), the distribution of S, equals that of the time
at which a standard Brownian motion first hits the level x /o (or equivalently, the time
at which a Brownian motion with variance parameter o2 first hits the level x.)

5 Subcritical branching: reweighting the excursions

As a preparation for Section 6 we analyze the Ray—Knight representation of a subcritical
Feller branching diffusion Z* that satisfies

dZtZO—\/thWt—Ctht, Zozx. (20)

for a fixed ¢ > 0.
Let us first discuss the dynamics of the exploration process. The subcriticality leads
to a decrease of the birth rate, and hence to a downward drift in the exploration process.
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To figure out what this drift is, let us revert to the (continuous time, discrete mass)
picture described at the beginning of Section 4. There, the rate of birth points along

the branches (in real time after speeding up by the factor N) was %N, and now it is

";N — ¢. Due to the exploration speed 2N, the rate (in exploration time) of change
from a downwards to an upwards slope is thus 02 N2 —2¢ N . The rate from an upwards
to a downwards slope remains unaffected and is 02 N 2. In the limit N — oo this leads
to the drift —(27—3 ds and the quadratic variation % ds, and to the exploration process

being a reflected Brownian motion governed by the equation

2 ’ 1
Hy == (Bs - is) + = Ly(0, H). 1)
o o 2

The excursion measure 72 governing (21) is (10) multiplied by a Girsanov density, up

totime R(n) As, s > 0, isexp (— fOR(n)AS dn, — % OR(")AS (g)zdr). As s — 00,

this converges to g(R(1)) := exp (— %(g)zR(n)); hence

) = g(RO). 22
n

Because of (13), (16) and (22), the excursion measure Q of the c-subcritical Feller
branching diffusion arises by reweighting that of the critical Feller branching diffusion
with the Girsanov density g(A(¢)):

dQ

— (&) = g(A(D)). 23

dQ(C) g(A(0) (23)
This can also be seen without recurring to the exploration excursions: the Girsanov
density which introduces the c-subcriticality for a Feller branching diffusion is

oo y4 1 * (cZ;)?
_ cZy _1 _(eZ)”
exp( /O cﬁtdW’ 2/0 027 dt),

which for an excursion Z = ¢ equals g(A(¢)) = exp (— %(g)zfl({)).
To obtain the Lévy measure of the subordinator (Sy) given by (5) and (18), but now
in the c¢-subcritical case, we have to multiply (19) by the Girsanov factor g(a). This

Lévy measure is thus given by

— 1 — _1gey? 1L
v(da) := g(a) p(da) = exp( 2(0) cz)(7 Nerre
The distribution of S, is explicit. Indeed, again due to Lévy’s representation of local
time, the distribution of S, equals the distribution of the time at which a Brownian
motion with variance parameter o2 and drift ¢ first hits the level x. This distribution is
known as the inverse Gaussian with parameters x /c and x2 /o2, and has density

x ex (_(ca—x)z)
V2mo2a3 P 20%2a )’

da. (24)

P(Sx € da) = (25)
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6 Bertoin’s“Treesof alleleswith rare mutations”

In the second paper of a recent trilogy [5], [6], [7] on trees of alleles and trees of colonies
in branching processes, Jean Bertoin considers a critical Galton—Watson process in
discrete generations with | Nx | ancestors, offspring variance o2, and probability ¢/ N
that an individual at its birth acquires a new mutation never seen so far in the population,
which it then inherits to all its descendants (see in particular Section 4 of [6]). The
evolution is neutral in the sense that all the individuals, irrespective of their type, have
the same reproduction law.

The situation is thus similar to the so called infinite sitesmodel in population genet-
ics, with the typeor allele of an individual being the set of all mutations it carries. In this
way one obtains a tree of alleles. the root consists of all individuals that descend from
the ancestors without any mutation. Each child of the root consists of a mutant child
x of one of these non-mutant individuals, plus that part of x’s offspring that carries no
additional mutation. Bertoin investigates the process of the total sizes of the alleles and
shows that as N — oo this process, when divided by N2, converges to a continuous
state branching process with discrete generations and reproduction measure v given
by (24). We give a brief intuitive explanation of this along the lines of the previous
section.

With the Brownian scaling discussed at the beginning of Section 4, and with one of
the two factors N taken for rescaling the mass and the other one for rescaling the time,
the rescaled mass process of the non-mutant individuals converges to the c-subcritical
Feller branching diffusion Z©® := Z~ following (20). Write A® =: [ z© dr
for the total non-mutant (or “wild-type”) mass. The mass cA®, which is lost from
the non-mutants due to mutation, serves as ancestral mass for another c¢-subcritical
Feller branching diffusion Z (. In this way, one obtains inductively a sequence Z®),
k = 1,2, ... of c-subcritical Feller branching diffusions, obeying (20) with Z ®) w &)
and cA®=D = ¢ [* Z% D 4t in place of Z, W and x, and with Z®) independent
of (2,ZzW, ..., z%=1) given A®=D_ The process A = (A, 4D . )isanR,-
valued Markov chain, with A%) describing the sum of the sizes of the (countably many)
k-th step mutant alleles.

In view of equation (18), A has the same distribution as Sy, where S = (S¢)¢=0
is a subordinator with Lévy measure v defined in (24). Consequently the Markov
chain A can be represented as an iteration of independent subordinators. For this, let
S© g §@ peindependent copies of S, and put My := S,

Myi=SGhe o Mei=SS) (26)

The process A = (4@, AM ) (which describes the total generation sizes in the
tree of alleles) then obeys

d
(AD AV ) E (Mo, My, ...). (27)

Thus, A is a continuous state branching process with discrete generations (a so-called
Jifina process).
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Indeed, for each k, My is a sum of jumps of S®), and for k > 1 each of these jumps
“stems” from a jump of S*—1_ By forgetting the structure of M, (and thus decreeing
that all the summands of M, stem from M,), but keeping track of the genealogy the
subordinator jJumps in the later generations, one arrives at a tree whose nodes are labelled
with the jump sizes, with M, at its root. This is what Bertoin calls the tree indexed
continuous state branching process (CSBP) with reproduction measure v.

As the main result of [6], Bertoin proves that in the regime described at the beginning
of this section, the rescaled tree of alleles N=24% converges in the sense of finite
dimensional distributions to the just described tree indexed CSBP.

We also mention recent related work of Abraham and Delmas [1] in the framework of
continuous state branching processes. Intuitively, the forest of non-mutant trees (which
makes up the original allele) arises from a forest with a critical offspring dynamics by
pruning, i.e. “cutting off” the mutant individuals together with their entire offspring.
This procedure is iterated when passing from the k-th step mutants to the (k + 1)-st
step ones. In this sense, the individual genealogy that underlies this model fits into a
general framework of pruned trees, see [2] and references therein.

There is also a geographic (instead of a genetic) interpretation of the tree of mass
excursions: instead of types, one may think of colonies (or islands), with “mutation
to an ever new type” becoming “emigration to an ever new island”. It is this picture
which Bertoin adopts in [7]. There, he also considers a situation in which a bivariate
subordinator (7'(£), Y(£))¢>o (instead of the pair (S¢. Sc¢)¢>0) appears in an analogue
of (26). The jumps of Y occur at the same points £ as those of T, the pair of jump
sizes being governed by a Lévy measure on R x R. With an appropriate scaling,
the bivariate subordinator allows to describe dependencies between the numbers of
“homebody” and emigrant children in a large population limit, see Theorem 2 in [7].
With (7@, y @) (7 y M) beingi.i.d. copies of (T, Y), the analogue of (26)
and (27) becomes

AP =TO), AV :=T7DOFO(x)), AP =TV Ony)), ....
(28)

Let us write R(x) := TO(x) + TO¥ O(x)) + T@ ¥ D (¥ ©(x))) + ---. Both
T'(€)¢>0 and (R(£))¢>o are subordinators, hence 7'(¢) and R(£) are sums over countably
many jumps. We denote the populations of jump sizes in 7'(x) and in R(x) by ¢, and
€, noting that both § = (f¢)¢>0 and € = (€;) > are measure-valued subordinators.
A decomposition of €, with respect to the “first generation colonies” gives

d ~
€ = gx + fY(x)7 (29)

with (@) an independent copy of (€;). This is a re-formulation of Bertoin’s stochastic
fixed point equation in [7], Theorem 1, which there is expressed as an integral equation
involving the Lévy measures of (7, Y) and of €.

In the next section we will discuss another extension of the “tree of alleles” model,
again formulated in a geographic framework with emigration to ever new colonies. In
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this model, the current population size in a colony will have an impact on the individual
death rate. The population size in one colony, as a function of the ancestral mass x,
is then no subordinator any more. Still, due to the “Virgin Island assumption”, the
tree of colonies will be described by an iteration of subordinators exactly as in (26),
with the subordinators S, @) .. figuring in (26) being independent copies of a
subordinator. While this subordinator need not have a representation like (5), its Lévy
measure still is the image of an excursion measure Q under the mapping ¢ — A(¢),
see formula (31) below.

7 Feller branching with logistic growth, and Virgin Islands

As an additional ingredient to the stochastic dynamics in (20) we now add a nonlinear
drift. For simplicity we assume it to be logistic, thus considering

dZ, =0\ Z,dW, + (0Z; —yZ}) dt — cZ,dt, Zy= x. (30)

In a population model, the additional drift terms 6Z, dt and —yZ? dt describe a super-
critical reproduction and a killing due to pairwise fights; we will elaborate more on this
in the next section. Inageographic picture, the drift term —c Z, dt results from emigra-
tion. The SDE (30) describes the evolution of the population size in the “mother colony”,
and the total mass that emigrates from the mother colony is ¢ [;° Z,dt =: cA©®. The
Virgin Island assumption is that each migration (of an infinitesimal mass ¢ Z, dt) is to
a new colony, where ¢ Z, dt becomes a potential ancestral mass.

Thus, cA© =: ¢ My serves as the (random) time argument in a subordinator S with
Lévy measure u defined by

p(da) = Q(A(¢) € da), 31)

where the mass excursion measure Q isagain defined by (15), but now with Z following
(30) instead of (20). Proceeding inductively like in (26), we now arrive at a tree of
colonies. This is the Virgin Island model studied by M. Hutzenthaler in [14], also
for more general drift and diffusion coefficients than those in (30). Figure 3, adapted
from [14], symbolizes a “tree of mass excursions” (embedded in time) which could
either be a tree of alleles (as in the previous section) or a tree of colonies. In [14],
the analogy between this time embedding and a (continuous-mass generalization of a)
Crump-Mode-Jagers branching process is elaborated. In the Feller branching case,
a similar construction has been carried out in [9] as a basis for a superprocess with
dependent spatial motion and interactive immigration.

Let us emphasize again that for the logistic Feller branching (30) there is no sub-
ordinator representation as in (14), since the non-linear drift in (30) destroys the inde-
pendence in the reproduction (and the infinite divisibility of Z,). However, due to the
Virgin Island assumption, which makes the evolution of the different colonies indepen-
dent of each other, the tree of colony sizes still does have a representation in terms of an
iteration of independent copies of a subordinator S, and hence as a tree-indexed con-
tinuous state branching process as described after formula (27). In the case discussed
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.

Figure 3. The root and three of its (countably many) children in a tree of excursions.

there (that is for & = y = 0), the Lévy measure of these subordinators was given by
(24). In the present case (with y > 0) there is no explicit formula for the Lévy measure
of the subordinators except the equality (31). However, there is still a handy criterion
that allows to decide whether the total mass (summed over all colonies) in the Virgin
Island model is finite a.s. This happens if and only if ES.,, < ao forall ap € R, or
equivalently iff

o0
c/ apu(da) < 1. (32)
0
Because of (31), the first moment of w is

/Oooaﬂ(da)=/oooaQ(A(g“)eda):/()oodt/ooon@t cdy. (33

with the last equality due to Fubini. Remarkably,

| a0 e dn =meay. (34)
where
B Yz(0—c—yz2)

is the speed density of (30) (in its adequate norming). Indeed, both sides of (34) are
invariant measures for the semigroup of (30), and therefore must be proportional to
each other. That they are in fact equal follows e.g. from Lemma 9.8 in [14]; our (34) is
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equation (178) in [14]. Putting (33) — (35) together we see that (32) is equivalent to

o[ ew@-ay-ygyar <1, (36)

which thus characterizes the a.s. finiteness of the total mass in the Virgin Island model
obtained from (30).

It turns out that the Virgin Island model is most favorable for survival in the limit
t — oo when compared with models with the same local population dynamics (30) but
a possibly different migration mechanism. To be specific, fix for d € N probability
weights my, k € Z4, and consider the system of interacting diffusions

de,t = 0',/ij,; de,t + (sz,t — )/Z]%,t) dt + c(Zm.,-_ij,, — Zk,t) dt,
j (37)

Zro = x8k, k € 29,

where Wy, k € Z4, are independent standard Brownian motions. Using aself-duality of
the solution of (37) and a comparison between (37) (now with a spatially homogeneous
initial configuration) and a mean field model, it is shown ([15], Theorem 1, Theorem 3
and Corollary 4) that under the assumption (36) the total mass process > ;cza Zk+
from (37) hits 0 in finite time a.s., irrespective of the choice of the weights m. In[14]
a direct comparison of (37) with the corresponding Virgin Island model is announced
also for more general diffusion and drift coefficients, in which case no self-duality
would be available.

We conclude this section with a representation of the random variable [;° Z7d1,
with Z* being the solution of (30). This uses a time change introduced by Lambert in
[18]. Consider the additive functional

t
At = / Z;Cds,
0

and the associated time change
ar = inf{s >0, A; > s}.

As noted in [18], the process Y;* := Z; is an Ornstein-Uhlenbeck process, solving
the SDE

dY; =0 —c—yYS)dt +0dB;, Y§ =x,
with this identification is valid only for 0 < ¢ < t,,, where 7, := inf{r > 0, Y;* = 0}.
Let T be the extinction time of the logistic Feller process Z;. We clearly have o, =

Ty, and consequently
o0
Ty = [ Z7idt.
0

In the particular case y = 8 = 0, this identity ties in with the remark at the end of
Section 5.
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8 A Ray—-Knight representation of logistic Feller branching

As mentioned in the previous section, the Feller branching diffusion with logistic
growth, which follows the SDE (30), has no subordinator representation as in (14),
nor has it a Ray—Knight representation in terms of a concatenation of independent ex-
ploration excursions. This is due to the non-linear term on the r.h.s. of (30) that comes
from the pairwise fights in which one of the two fighters is killed. However, by breaking
the symmetry between the individuals we will manage to bring an exploration process
and a Ray—Knight representation back into the picture.

To explain the strategy, we consider a “discrete mass - continuous time” approxima-
tion of (30) and its exploration process. As in Section 4, for N € N, the approximation
will be given by the total mass Z®) of a population of individuals, each of which has
mass 1/N. The initial mass is Z$") = [Nx|/N,and Z™) follows a Markovian jump
dynamics: from its current state k /N,

(k +1)/N atrate kNo?/2 + k0,

(38)
(k—1)/N atrate kNo?/2 + k(k — 1)y/N.

Z™ jumps to {

The quadratic death term k(k — 1)y /N can be attributed to each of the k(k — 1) /2 pairs
fighting at rate 2y, with each of the fights being lethal for one of the two individuals.
The dynamics of the total mass will not be affected if we view the individuals alive at
time ¢ as being arranged “from left to right”, and decree that each of the pairwise fights is
won by the individual to the left. In this way we arrive at the “death rate due to fights”
2y&£;(¢t)/N for individual i, where £;(¢) denotes the number of contemporaneous
individuals to the left of individual i at time . In this way we grow a forest of | N x|
trees, with all the individuals being under attack from the contemporaneans to their
left. This forest is explored with speed 2N in the way as described in Section 3,
leading to slopes 2N of the exploration path #¥. For an individual i living at
real time ¢ and being explored in an upward piece of H” at exploration time s, the
exploration process H” experiences a rate of change from positive to negative slope
which is increased by the pairwise fights. This additional rate of change from positive
to negative slope is 2y £, (¢)/ N inreal time, and 4y &£; (¢) in exploration time. In terms
of the “local time” (3) this can be expressed as 4yNA(HN, HY), since the number
of contemporaneans to the left of the individual i is £;(t) = NAg(t, HV). In the
same way as we arrived at Lemma 3.1 in the case § = y = 0, we can now identify the
stochastic dynamics of s - H[N:

Lemma 8.1. Theexploration path s — H}¥ obeys the following stochastic dynamics:

» Attimes = 0, H" startsat height 0 and with slope 2N .

« When H¥ moves upwards, its slope jumps from 2N to —2N at rate N202 +
4yNAs(HN, HV).

« When A" movesdownwards, itsslopejumpsfrom—2N to2N atrate N262 4 2N6.

« Whenever H" reaches0, itsslopejumpsfrom—2N to 2N, i.e. HY isreflected at 0.
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Write
SN =inf{s : AN, HY) > [Nx]/N}. (39)

for the first time at which HY completes | Nx| excursions. Just as we obtained
from Lemma 3.1 the discrete Ray—Knight representation for a Galton—Watson process
(Corollary 3.2), we obtain in the following Corollary of Lemma 8.1 a similar represen-
tation for the Galton—Watson process with logistic growth:

Corollary 8.2. Let H" be a stochastic process following the dynamics specified in
Lemma8.1l. Thent — Agn (1, H) follows the jump dynamics (38).

In [19] we prove that the sequence of processes H” converges, as N — oo, to the
weak solution of

20

2 § 1

H, = —Bs+—2s—y/ L,(H,,H)dr + -Ls(0,H), s5>0. (40)
o o 0 2

with B a standard Brownian motion and L (¢, H) the semimartingale local time of H,

with L and A connected by (8). One ingredient in this proof is the following

Proposition 8.3 ([19]). For o > 0, 8, y > 0, the stochastic integral equation (40)
has a unique weak solution. This solution is obtained by a Girsanov transform from a
reflected Brownian motion with variance parameter o2/4.

A main result of [19] is a Ray—Knight representation of Feller’s branching diffusion
with logistic growth in terms of a reflected Brownian motion H which experiences a
constant positive drift plus a negative drift that is proportional to the local time spent
by H so far at its current level:

Theorem 8.4. Let H be the solution of (40), and for x > 0 let S, be defined by (5).
Then (As, (¢, H)):>0 is a Feller branching diffusion with logistic growth, i.e. a weak
solution of (30) (with ¢ = 0).

The strategy in [19] to prove this theorem is to justify the passage to the limit
N — oo in Corollary 8.2. As a conclusion from this theorem, we obtain an analogue
of the representation (14) for the logistic Feller process (30), but now as a path-valued
Markovian jump process rather than a path-valued subordinator. To see this, let (&;, ;)
be the point process of excursions on R4 x &, where & is the space of excursions from
0, and such that (Hs)o<s<s, IS the concatenation of the excursions n; with & < x. For
ne &, lets(n) := Are) (-, n) be the image of n under the Ray—Knight mapping. Then
another way to state Theorem 8.4 is that

d
> ) & 2%, (41)
ik <x
where Z* solves (30) (with ¢ = 0).
Again using the device that “those to the left win against those to the right” (which

of course again is no dictum politicum) we can identify the transition probabilities of
the path-valued Markov process (Z*),>¢. Indeed, the following is readily checked:
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Remark 8.5. For x > 0 let Z* be a solution of (30) with ¢ = 0. For a given path
z = (z¢)t>0 and for ¢ > 0, let X®(z) be a solution of

dXt = 0/ Xt th(x’x+8) + ((9 - 2ZIV)Xt - VX12) dtv X() =, (42)

where the standard Wiener process W *-**2) is independent from the Wiener process
W in (30). Then Z**¢ .= Z* 4+ X#(Z") is a weak solution of

dZ; = o Z; dWO T 4 07, —yZ2dt, Zo=x+e.

We conjecture that the Markov process (Z%)>¢ follows a “jump kernel” Q7 that
is given by Pitman and Yor’s excursion measure of the diffusion process (42), i.e.

0% = lim lP(X‘S(z) €).
e—>0 &

With z as on the L.h.s. of (41), Q0% would then be the image under the Ray—Knight
mapping n — ¢ = A(n) of the conditional intensity kernel of the point process (&;, ;),
given its restriction to [0, x] X &.

Note added in proof. Following a similar route as in [26] we were recently able to prove
Theorem 8.4 also directly by a Girsanov argument, see [27]. We thank J. F. Le Gall for
pointing us to [26].

Acknowledgement. We are grateful to Jean Bertoin, Jean-Francois Delmas, Martin
Hutzenthaler, Ute Lenz, Arno Siri-Jégousse and an anonymous referee for many stim-
ulating and helpful remarks.
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Gaussian approximation of functionals:
Malliavin calculus and Stein’s method

Gesine Reinert

1 Introduction

Over the last few years a very fruitful interplay between Malliavin calculus and Stein’s
method has been developed, yielding not only a new angle on limit theorems, but
also new results, notably invariance theorems and a result on the universality of Wiener
chaos. These results allow to derive bounds on distributional distances for fairly general
uni- or multivariate real-valued functionals of random fields, and they include many
well-studied normal approximations as special cases.

Below are a few examples to illustrate the range of objects which have been consid-
ered. These objects are often phrased in terms of symmetric real-valued functions f on
R4, that is, flsqys - sig@) = f(i1,...,iq) for any permutation o on {1,...,d}
and any (i1, ...,iz) € R%. Often we also assume that f vanishes on diagonals, that
is, f(i1....,ig) = 0 whenever there exist k # j such that iy = i;.

Example 1.1 (Multilinear homogeneous sums). Fix integers N,d = 2. Let X =
{X; : i = 1} be a collection of centered independent random variables; and let
f:{1,...,N}¥ — R be a symmetric function vanishing on diagonals. Then

Qa(X) = o fl X X,

1<ig,..., ig<N

is called the multilinear homogeneous sum, of order d, based on f and on the first N
elements of X. In Section 5 we shall give bounds to the standard normal distribution,
in Wasserstein distance, for such sums.

Example 1.2 (Functionals of Rademacher sequences). Let X = {X,, : n = 1} be
a Rademacher sequence, that is, a sequence of i.i.d. random variables with values in
{—1,1} such that P(X; = 1) = P(X; = —1) = 1/2. Assume that f,: N — R
vanishes on diagonals, and put

0X) = > faliv.....in)Xiy ... X,

n>01iy,...,in

We are interested in assessing how far away Q(X) is from a normally distributed
random variable. Note that here, in contrast to Example 1.1, the sum is potentially
over an infinite number of summands. An easy example is the number of (weighted)
d-runs in an infinite Bernoulli sequence; see [35]. As a variant it is possible to obtain
similar results when replacing the Rademacher sequence by a sequence of compensated
Poisson variables; see [41].
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Example 1.3 (A functional of a Gaussian process). Let B be a centered Gaussian
process with stationary increments such that [ [p(x)|dx < oo, where p(u — v) :=
E[(Bu+1 — Bu)(By+1 — By)]. Let f: R — R be a non-constant function which
is twice continuously differentiable, let Z ~ A (0, 1) be a standard normal variable,
assume that E| £(Z)| < oo and E[ f”(Z)*] < co. Fixa < b inR and, forany T > 0,
consider

Fr = — B — B, —E[f(Z)])du.
T \/T T (f( u+1 u) [f( )])
In Section 4 we shall assess its distributional distance to the standard normal.

Example 1.4 (Functions of functions of independent normals). An example which is
consideredin[10]istoletX = (Xy,..., X,), whereeach X; = u;(Z), with Z standard
normal, and u; being a real-valued, smooth function, for each i. Let g: R — R be
twice continuously differentiable and put W = g(X). For example we could consider
W =753, ;ai;XiX;;or W = ReTr(f(A(X))), where A(x) is a complex n x n
matrix. Under a “symmetric interaction rule” on g, [10] derives a normal approximation
for W, with bounds, using Stein’s method.

Some applications where functionals of random fields play an important role include
power and bipower variations of stochastic integrals as in [6] and [17], the correlation
structure of Mexican needlets (which are a class of wavelet systems) and models for
cosmological data analysis (see [23] and [26]); and the estimation of Hurst indices, see
[55].

The common theme behind these examples and applications are possibly nonlinear
functionals of independent random elements which admit a chaos decomposition, see
(8), which looks like

F=EF)+Y n Y fulir.....in)Xi, ... X;,. (1)

nz=1 i1 <ip<-<ip

where the functions f, are usually assumed to be symmetric and to vanish on diagonals.
Heuristically, if the f,,’s render the summands to be only “weakly” dependent, then the
average should be approximately normally distributed under some conditions which
should be related to those of the asymptotics of U -statistics; see for example [22] for
the latter.

The main aims are not only to obtain normal asymptotics for functionals of the form
(2), but also to give explicit bounds on distances (such as Wasserstein or Kolmogorov
distance) to the normal distribution, as well as easy criteria for such bounds to tend to
zero under the asymptotic regime under consideration. For the first aim, bounds on the
distance, Stein’s method has proven a powerful tool in many special cases of (1). For
the second aim, the influence function, see (15), is a straightforward quantity in which
to express the bounds.

The purpose of this paper is an expository overview, mainly based on the results
in [30], [33], [34], and [35]. While detailed proofs are omitted, the main ideas for the
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proofs are outlined, and special emphasis is put on the interplay between Malliavin
calculus and Stein’s method.

The paper is organised as follows. In Section 2 we briefly review Stein’s method
for normal approximation, and outline how in particular exchangeable pair couplings
come into use. We shall see that Taylor expansions play a prominent role, and thus a
differentiable structure is key for applying Stein’s method for normal approximations.
For infinite-dimensional objects, such a differentiable structure is provided by Malliavin
calculus, and Section 3 provides a very brief introduction to the main ingredients for
making the connection with Stein’s method. In Section 4, it is shown how Stein’s
method and Malliavin calculus combine in various ways; a first application, to second-
order Poincaré inequalities, is given. Section 5 details the universality theorem of
Wiener chaos, where universality is for multilinear homogeneous sums, in the sense
that the asymptotic normality of the sum does not depend on the precise underlying
distribution of the random variables. Finally, Section 6 points out generalisations as
well as open problems.

2 Stein’smethod for normal approximation

2.1 The main idea. In [52], Stein published a novel method for proving normal
approximations with bounds on the distance; see also [53]. Here is just a brief overview;
for more details see for example [15] or [16]. The method is based on the observation
that

Z ~ N(0,0%) < EZf(Z)=o’E f'(Z) for all smooth functions f. (2)

Here and in the following, -V (0, 0%) denotes the mean zero variance o2 normal dis-
tribution. Also, smoothness means sufficiently often continuously differentiable; the
precise conditions may vary throughout this paper.

The main idea of Stein’s method for normal approximation is that for a random
variable W with EW = 0 and Var(W) = o2, if

o’E f' (W) —EWf(W)

is close to zero for many functions f, then because of (2), W should be close to
Z ~ N(0,0?) in distribution.

To make use of this idea, given a test function &, we solve for f = f;, in the
so-called Stein equation

o f'(w) —wf(w) = h(w/o) —Eh(Z). @)

Now we can evaluate the difference of expectations E 4 (W /o) — E h(Z) by the expec-
tation of the left-hand side of (3), namely o2E f/(W) — EW f(W). We can bound the
solutions of (3) in terms of the derivatives of /z; for example we find | f” || < U% | A,
see [53], p. 25. Here || - || denotes the supremum norm.



110 G. Reinert

2.2 A very basicexample. Let X, X1,..., X, bei.i.d. mean zero random variables
with Var(X) = +,andput W = Y7, X;. Let W; = W — X; = Y, X;. Then
using Taylor expansion around X;,

EW/(W) =) EXif(W)
i=1

STEXi fW) + Y EX2f' (W) + R (4)

i=1 i=1

1 & ,
==Y ES/(W)+ R,

i=1
where

R =2 EX{f(W)— f(Wi) = (W —Wy) f' (W)}
i=1

SOEf/(W)—EWf(W) = ,ll NI E{f/ (W) — f/(W;)} + R, and we can bound the
remainder term R. Similarly using Taylor expansion again we can bound the difference
% S Ef(W;) —E f/(W). The result is summarised in the following theorem, see
for example [47], Theorem 2.1.

Theorem 2.1. For any continuous, bounded real-valued function / with piecewise
continuous, bounded first derivative, and for Z ~ N (0, 1),

2 n
EAW)—~END)| = IW1(Z=+ Y EI)
i=1

Thus Stein’s method cannot only be used to prove approximations, but it gives an
explicit bound on the distance to normal in terms of test functions.

While the i.i.d. case is very well covered by a range of techniques, Stein’s method
is particularly powerful in the presence of dependence. It is easy to see how local
dependence would yield a slightly modified Taylor expansion in (4). To disentangle
dependence, couplings are often used; here we use exchangeable pair couplings as an
illustration. For an overview on couplings for normal approximations, see for example
[47].

2.3 Exchangeable pair coupling. Let (W, W’) be a pair of exchangeable random
variables; assume EW = 0and EW? = 1, and that there isa 0 < A < 1 such that the
following regression condition holds:

E(W'|W) = (1 — )W. )

The regression condition (5) is natural in view of the fact that if (W, W) were bivariate
standard normal with correlation p, then (5) would be satisfied with A = 1 — p.
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Example2.2. Let us revisit the example from Subsection 2.2 of a sum of i.i.d. random
variables, X1, ..., X,, with mean zero, variance % and W = Y7, X;. To construct
an exchangeable pair, pick an index 7 uniformly from {1,...,n}. If I =i, we replace
X; by an independent copy X;*, and put

W =W —X; + XI*-
Then (W, W’) is exchangeable, and

1 1
EW'|W) = W——-W+EX} = (1 - —)W.
n n

Thus (5) is satisfied with A =

S =

Under the regression condition (5) it is easy to see that
/ 1 li / li /
EWf (W) = S EW = W)H(S (W) = f(W)).

Essentially Taylor expansion gives that, for any smooth 2: R — R

2

[ER(W) —Eh(Z)| < (suph—infh)\/]E(l—%E((W—W’)HW))
1 !/ 13
o W NEW — WP,

In [49] the exchangeable pair coupling has been extended to a multivariate setting
to

E(W' — W|W) = —AW (6)

for an invertible d x d matrix A. Both formulations (5) and (6) allow an additive error
term R; see [49] and [50]. Examples where dependence is present and exchangeable pair
couplings are straightforward include simple random sampling and some permutation
statistics; see for example [53].

2.4 Stein’s method for chi-square approximation. Stein’s method has been gener-
alised to many other distributions; foremost the Poisson distribution, see for example
[2], [5], and [11], but also to the chi-square distribution, in [24] and [43], see [46] for
an overview. In [24] the general case of Gamma distributions is studied, leading to the
Stein equation for x>

<0+ 5(p =) ) = h(x) — (3 )

with Xﬁh denoting the expectation of /4 under the )(12, distribution. The role of this
equation is similar to that of (3). [43] showed thatif #: R — R is absolutely bounded,
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|h(x)| < ce?* for some ¢ > 0,a € R, and the first k derivatives of & are bounded,
then the equation (7) has a solution f = f; such that, for j =0, ...k,
V2 .
il | h) I
p

| £ )<

with 2(® = 4. While in what follows we shall concentrate on normal approximations,
many of our results have analogous chi-square approximation results.

2.5 Ingredientsfor normal approximation via Stein’smethod. Stein’s method for
normal approximation being based on a differential equation, a main ingredient is
a differential structure which allows for Taylor expansion. As we are interested in
functionals of random fields, here we shall employ Malliavin calculus for this structure.
Other choices could include Fréchet derivatives for stochastic processes [4], or Gateaux
derivatives for random measures [48].

The second ingredient for a successful approximation of Stein’s method for normal
approximation is the ability to make use of weak dependence. Inthe above example this
could happen via exchangeable pairs or other coupling constructions. While coupling
constructions are sometimes not straightforward to find, here we shall use the notion
of an influence function to quantify weak dependence.

3 Ingredientsfrom stochastic analysis

For a calculus which allows to treat possibly non-linear functionals of Gaussian pro-
cesses on possibly infinite-dimensional spaces we employ Malliavin calculus, intro-
duced by [25]. Versions for functionals of other stochastic processes are available,
such as for Rademacher processes ([44], [45]), and for compensated Poisson processes
(see for example [54]).

The three necessary concepts for our purposes are (isonormal Gaussian) processes,
a chaos decomposition in terms of multiple integrals, and Malliavin operators. We shall
explain these in turn. For further expository presentations see for example [28], [32]
and [40].

3.1 Isonormal Gaussian processes. Let $ be areal separable Hilbert space with inner
product (-, -), and forany ¢ > 1 let 54 be the ¢'" tensor product of £; similarly denote
by $©4 the associated ¢™ symmetric tensor product. We call X = {X(h),h € $} an
isonormal Gaussian process over $, defined on some probability space (2, ¥, P), if
it is a centered Gaussian family, whose covariance is E [X(h) X(g)] = (h, g)s. We
assume that ¥ is generated by X. We also say that X is a centered Gaussian Hilbert
space, with respect to the inner product given by the covariance, isomorphic to $.

For example, the Wiener integral corresponds to $ = L2([0, 1], dx). In this case,
X = (X;,t € [0, 1]) defined by X; = X(1]0,,7) is (the space generated by) a standard
Brownian motion. As another example, if & = L2(A, A,du), where (4, A) is a
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measurable space, then X is (the space generated by) a Gaussian measure over A.
Isonormal Gaussian processes have been introduced by [19]; see also [22] for much
more detail on Gaussian processes indexed by Hilbert spaces.

3.2 Chaosdecompositionintermsof multipleintegrals. To define the Wiener chaos
we employ Hermite polynomials; we use as definition for the ¢ Hermite polynomial
x2 dq _x2
Hy(x) = (=1)1e™™ ——(e7 ),
with Hy(x) = 1. For every ¢ > 1, the g™ Wener chaos of X, denoted by J,, is the
closed linear subspace of L2(2, ¥, P) generated by the random variables of the type
{Hy(X(h)),h € 9, ||h|g = 1}. We put #H, = R. Forevery g > 1, we introduce the
mapping
14(h®7) = q!Hy(X(h)).

This mapping can be extended to a linear isometry between the symmetric tensor product
$°4 (equipped with the modified norm /q! |- se«) and the g™ Wiener chaos #,,.

If & = L?(A, A, du), and X is (the space generated by) a Gaussian measure over
A, where (4, #A) is a Polish space and u is o-finite and non-atomic, then the integral
1, corresponds to the Wiener—It6 integral and can be constructed as follows. For step
functions of the type

Z iy oig1a;, (X1) -+ - 1y (Xg)
1<iy,..,ig<n
with the A’ s pairwise disjoint, and a;, ..., = O whenever [{iy,...,i,}| < g, we define
the (multiple) integral as
L(f)= Y ai..i X4y X(4;,).
1<iy,..,ig<n

Then we use that the set of such elementary functions is dense in $®4 to extend the
notion of an integral for all f € L?(u9). ~

Note that E/,(f) = 0. To state further properties of the integral /,(f), let f
denote the canonical symmetrisation of f:

z. . 1 . .
f(ll,..-,lq) = azf(lﬂ(l)ﬁ"'ﬁlﬂ(q))'
4

Then the integral is symmetric in the sense that

I(f) = 14(f).

Moreover, for every functional F of X which satisfies E[F(X)?] < oo there exists a
unique sequence { f;,q > 1} with f, € $©%,4 > 1 such that

F=EF)+Y I,(f) =Y I4(fa). ®)
q=0

q=1
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where we put Io( fo) = E(F). The series converges in L2(P). Equation (8) is called
chaos decomposition of F.

3.3 Malliavinoperators. Malliavincalculus, introduced in [25], originally for finding
conditions under which solutions of stochastic differential equations have a density,
is an infinite-dimensional calculus on spaces of functionals of (Gaussian) processes.
Here we cannot give it justice, but instead concentrate on the operators needed for our
purpose; see for example [39] for more detail on Malliavin calculus.

Let X = {X(h),h € $} be an isonormal Gaussian process, defined on the prob-
ability space (2, ¥, P). To clarify the domains of the Malliavin operators we de-
fine, for k > 1, the Hilbert spaces L2(c(X), P, $®F) of $®-valued functionals
on X, with scalar product (F,G);2(x),po®ky = E(F,G)gex. We also intro-
duce S C L2%(o(X), P, %) as the set of all cylindrical random variables of the form
F = f(X(¢1),...,X(¢n)), where f: R" — R is infinitely differentiable with com-
pact support, and ¢y, ..., ¢, € H. For such F € Swe define its Malliavin derivative
DF € $ with respect to X as

"9
DF = Y 2L (XG0, X G
i=1

In particular DX (h) = h forevery h € $.

If & = L2(A, 4, i), where (A, #) is a measurable space and x has no atoms, and
if F = Z;"ZO 14(f,) satisfies E[F(X)?] < oo, thena versionof DF = {D,F,a € A}
is given by

DaF = Z qlq—l(fq(‘?a))-
q=1

In general, the k™ derivative DXF e L2(o(X), P, $®¥) is defined by iteration.
The domain of the operator D¥ in L2(a(X), P, $®), denoted by D2, is the closure
of the set Swith respect to the norm

k
IFIz, =E[F?]+ Y E(ID'Flige:) -

i=1

Thechainrule. For ¢: R™ — R being a continuously differentiable function with

bounded partial derivatives, and F = (Fy,..., F,,) € D2, we have
D¢(F) =} == (F)DF;. ©
j=1"

We note that the assumptions on ¢ can be weakened to Lipschitz, if F has a law which
is absolutely continuous on R™.
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The chain rule (9) does not hold in the Rademacher nor in the Poisson case. But in
both cases we can usefully bound

“.9
DY(F) Y 3 (F)DF;:
j=1""

see [35] and [41].

Skorohod integral and integration by parts. The Skorohod integral or divergence
operator § is the adjoint of the derivative D: D2 — L2(c(X), P, $), and can be
defined via the integration by parts formula

E[Fé(u)] = E(DF,u)g (10)

for F e D2 andu € dom(§). The domaindom(§) of § is the set of all random elements
inu € L2(o(X), P, $) such that for all F € D'2, we have E[(DF, u)¢] < cE[F?]z,
where ¢ is a constant depending on u but not on F.

If & = L2(A, #, ), where (A, #) is a measurable space and . has no atoms, and
if F =302 1,(fy) satisfies E[F(X)?] < oo, and u(z) = Y2 I4(f,(- 2)), then

8u) =" Ip1(fy)-
q=0

The Ornstein-Uhlenbeck operator. If F = Y22 I,(fy) € L*(0(X), P, $) with
chaos decomposition (8) and E[F(X)?] < oo, the Ornstein-Uhlenbeck operator is
defined as

(o.¢]

LF =— Z q1q(fq)-
q=1
provided that this series converges in L2 (P). The crucial relation between the Ornstein—
Uhlenbeck operator, the Malliavin derivative and the Skorohod integral is
8D = —L. (11)

We note that the image of L is the set {F € L?(o(X), P,$) : E[F] = 0}, and that
LF = L(F — E[F]). Hence we can define the (pseudo)-inverse L1 such that for
F =32 1,(fy) € L*(0(X), P,$), we have

oo

S S

q=1
Moreover, L is the (infinitesimal) generator of the Ornstein—Uhlenbeck semigroup
T;, defined such that for F = Y22, 1,(fy) € L*(0(X), P,$),and ¢ > 0,

T f = Z e ' 14 (fy)-

q=0
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Alternatively, we can use a representation via Mehler’s formula: if X’ is an inde-
pendent copy of X, then

T,F =E[F(e™'a+vV1—e2X)]| _y (12)

holds; see e.g. [39].

4 Combining Stein’smethod and Malliavin calculus

4.1 A basicresult for the distance to normality. It is convenient to use Wasserstein
distance in our context; but results are also available in Kolmogorov distance, and in
total variation distance. Let U, Z be two generic real-valued random variables. The
Wasser stein distance between the law of U and the law of Z is defined as

dw(U,Z2) = sup [E[f(U)]-E[f(2)]l,
Filf Iip=t

where || f|lLip = SUP,, % is the Lipschitz norm. Here || - ||guciig iS the usual

Euclidean norm. The Kolmogorov distance between two R¢-valued random elements
=(U,....Ug)and Z = (Z,,...,Zy) is defined as

dka(U,Z) = sup IP(Ur < x1,....Ug <xgq)

—P(Zy <x1,...,Z5 < xg)|.

The topologies induced by dy and by dko, On the class of all probability measures on
R, are strictly stronger than the topology of weak convergence.
Instead of starting with Lipschitz test functions, in view of Taylor’s formula let
g: R — R be continuously differentiable with bounded first derivative, and F €
D2 with E(F) = 0. Then the following calculation shows how Stein’s method and
Malliavin calculus interact.
E[Fg(F)] = E[LL™'Fg(F)]

= E[g(F)(=8(DL™'F))] by (11)

= E[g(F)5(~=DL™'F)]

= E[(Dg(F),-DL™'F)g] by (10)

= E[g(F)(DF,—DL™'F)g] by (9).

Comparing this calculation to Eg’(F) as arising from (3), the following theorem by
[31], Theorem 3.1, is now straightforward.

Theorem 4.1. Let Z ~ N (0,1) andlet F € D2 besuchthat E(F) = 0. Then

dw(F,Z) <E|l — (DF,—DL™'F)g|.
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For Rademacher sequences, [35] show that from the lack of a chain rule like (9)
arises an additional additive term in the bound, 22 E[(|DL™'F|, |DF|*) 5y, |- In view
of Theorem 5.3 this term turns out to be natural.

Other versions of this theorem are available; for multivariate normal approximation
see [36], for chi-square approximations see [31] and [34], and for Poisson sequences
see [41] and [42].

£2(N)

4.2 Connections with exchangeable pairs. We point out two connections with ex-
changeable pairs as in Subsection 2.3; firstly a connection between Malliavin operators
and exchangeable pairs, and secondly a connection between exchangeable pairs and a
Mehler-type formula.

Assume that X = (X, ..., X4) is a vector of finitely many components, and

d d
F=FX)=)" > q'fgliv.....ig)Xi, - Xiy = > 1(fy)
q=1

q=11<ij<-<ig<d

with E(F) = 0 and E(F?) = 1. For an exchangeable pair, pick an index I €
{1,2,...,d} at random so that P(/ = i) = 5, independent of X;,..., X4, and if
I = i replace X; by an independent copy X;* in all sums in the decomposition (13)
which involve X;. Call the resulting expression F’. Also denote the vector of variables
with the exchanged component by X’. Then (F, F’) forms an exchangeable pair. Re-
lated to the multivariate regression condition (6), putting W = (I1(f1), ..., 1a(f2)),
we have that

E[15(fg) = 14(fo)IW]

d
1 . . .
=220 2 L@ @ iE(Xs, - Xiy [ W)

i=11<ij<-<ig=<d

=2 14(f2)

and we obtain

1 1
E(F'~ FIW) = —LF = ——3DF. (13)

In [35] this expression is used in a similar fashion as (5) to obtain a bound to the standard
normal distribution.

Equation (13) also leads to a connection between Mehler-type representations (12)
and exchangeable pairs. Take an independent copy X* = {X{, XJ,..., X} of X =
(X1.....Xg), fixt > 0, and define X* = {X{, XJ.... X/} as follows: independently,
forevery k > 1, X/ = X; with probability e™* and X/ = X;* with probability 1 —e™
(forexample X{ = X, X] = X7..... X} = X;). Then formally, using (13) and that
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LF =lim,_o ZE=E,

1. T, FX)—F(X
E[F(X) ~ FOO)W] = m%ﬂ

1,1
=~ tlir(l);[]E(F(X’)IX) — F(X)].

Thus our exchangeable pair for (13) can be viewed as the limit as + — 0 of this
construction. For further connections between Mehler-type expressions and Stein’s
method in a Gaussian setting see also [4], [10], and [31].

4.3 Application to Poincaré-type inequalities. In its most basic formulation, the
Gaussian Poincaré inequality states that, for every differentiable function /: R — R,
and Z ~ N(0,1)
var[f(2)] < E[f"(Z)?],

with equality if and only if f is affine. Thus, if the random variable f’(Z) has small
L?-norm, then #(Z) has small fluctuations. For extensions of this inequality to smooth
functionals of multi-dimensional (and possibly infinite-dimensional) Gaussian fields,
and to non-Gaussian probability distributions see for example [3], [8], [9], [12], [13],
[14], and [21].

In our set-up, let $ be a separable real Hilbert space, and let X be an isonormal
Gaussian process over $. Then in [33], Proposition 3.1, the following theorem is
proved.

Theorem 4.2. Fix p =2 andlet F € D2 besuchthat E(F) = 0.

(1) Thefollowing estimate holds:

E ||DL_1F||2 <E|DF|%.
(2) Ifinaddition F € D%, then

_ 1
E[|D* L7 F|y = S, E[D2F g,

where | D?F Hop indicates the operator norm of the random Hilbert—Schmidit
operator
H—>9H: f r—>(f,D2F)$

(and similarly for | D2L™1F |op).
(3) If p isan even integer, then
E(F?) < (p — D?E(| DF|§).

The proofs for Item 1 and Item 2 are based on Mehler’s formula (12); the argument
can be sketched as follows. Assume that $ = L2(A4, +, ), with . non-atomic. Let
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X’ indicate an independent copy of X. Assume that F has chaos decomposition (8).
Then, with (12),

DyL7'F ==Y 1,1 (fy (X.x))

g=1

o0
= / e 'Ty D, F(X)dt
0
o0
= / e "Ex DyF(e7'X + V1 —e 20 X')dt
0
=Ey Ey DxF(e_YX + V1—e2YX'),

where Y ~ &(1) is an independent exponential random variable of mean 1. Here, if
U is arandom variable, then Ey; denotes the expectation with respect to U. It follows
that

DF(eY X +V1—e2YX')

E|DL™'F|g <ExEyEyx
=E|DFI|g.

p
3]

where we used that e X’ + v 1 —e 21 X 2 X for any ¢ > 0. The proof for Item 2
is very similar. To see how the proof for Item 3 works, note that
E(F?) = E(LL™'F x F?71)
=-E(8DL™'F x F?71) by (11)
= (2k — 1)E((DF,—DL™'F)s F?*2) by (10) and (9).

Now apply Holder’s inequality, re-arrange and then apply the Cauchy-Schwarz in-
equality to obtain Item 3.

Example 4.3 (The Gaussian process example revisited). Asin Example 1.3 assume that
B is centered Gaussian, with stationary increments, such that [ |p(x)|dx < oo, where
p(u—v) := E[(But1 — Bu)(By41 — By)]. Let Z ~ N(0,1)and let f: R — R bea
non-constant real function which is twice continuously differentiable and symmetric,
such that E| (Z)| < oo and E[ " (Z)*] < oo. Fixa < binR and, forany 7 > 0,
put

1 bT
Fr=—= [ (fBusi— B ~Ef (@)

Let & be a real-valued Lipschitz function with Lipschitz constant 1. Then, as 7 — oo,
Theorem 4.2 can be employed to show that

)] _ —1/4
‘E[h(,/Var(FT))} E[h(z)]‘ o=,

see Theorem 6.1 in [33].
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Essentially combining Theorem 4.1 with estimates from Theorem 4.2 gives the
following second-order infinite-dimensional Poincaré inequality, see Theorem 1.1 in
[33].

Theorem 4.4. Let F € D>* besuchthat E (F) = p and Var (F) = o2 > 0. Let
Z ~ N(u,0?). Then

210
<—E
~ 202

Theorem 4.4 is used in [33] to derive random contraction inequalities, which lead
to new necessary and sufficient conditions which ensure that sequences of random
variables belonging to a fixed Wiener chaos converge in distribution to a standard
normal variable; a simplified version is as follows.

1 1
dw (F, Z) [ID2FII3]* < E[IDF|§]*.

Theorem 4.5. Fixq = 2, and let F,, = 1, ( f,,) be a sequence of multiple Wiener—It6
integrals such that E (F,?) — 1 asn — co. Then, asn — oc.

B W01 < |02, £ 0

In the next section we shall meet equivalent conditions for multilinear homogeneous
sums to converge in distribution to a standard normal variable.

5 Universality of Wiener chaos

In this section we illustrate how Stein’s method combined with Malliavin calculus leads
to a universality statement of Wiener chaos. This section is based on [34]. The setting is
that of multilinear homogeneous sumsasin Example 1.1; recallthat X = {X; : i > 1}is
a sequence of centered, independent random variables. Let f: {1,...,N}¥ — Rbea
symmetric function, vanishing on diagonals, and consider the multilinear homogeneous
sum

Qa(X) = Qa(N, £:X) = Y [l ia)Xiy .. Xiy.  (14)

1<ip,..,ig<N

Note that, for d = 2, Q4(X) is a quadratic form with no diagonal term; see for
example [20] for normal approximations of such objects.

While Q;(X) is a sum of locally dependent random variables, the neighbourhoods
of dependence are typically too large to make a Taylor expansion of the type (4) and
hence a direct application of Stein’s method feasible. Also to note that Q4 (X) is a
completely degenerate U-statistic, so standard results for normal approximation of
non-degenerate U -statistics do not apply.

However, if X = G, where G = (G;,i > 1) are i.i.d. standard normal, then
04(G) is an element of the 4™ Wiener chaos. Applying Theorem 4.1 to elements of
the ¢ Wiener chaos yields an easy to compute bound on the Wasserstein distance to
the standard normal distribution, see Theorem 3.1 in [34], as follows.
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Theorem5.1. Fixd = 2. Let F = I;(h), h € $°¢, bean element of the " Gaussian
Wiener chaossuchthat E(F?) = 1,andlet Z ~ N (0, 1). Then

d—1
F,Z) < ——|E(F*) - 3|.
dw (F, )_\/3d|( ) =3
We note that for Z ~ A (0, 1) we have E[Z4] = 3.

5.1 The influence function. Following [27], for f as in (14) the influence of the
variable i is defined as

|nf,-(f)=; > fPldanLia) (15)

_ |
(d 1) 1<ip,..,ig<N

It roughly quantifies the contribution of X; to the overall configuration of the homoge-
neous sum Q4 (X). A similar notion was developed in [51].

Example5.2(2-runs). If W, counts the number of 2-runs in n independent Bernoulli( p)
trials X1, ..., X, then we can write W, as multilinear homogeneous sum with d = 2;
standardising,

Wa
= Sfir,i2) Xi, Xi
v/ Var(Wy,) 15i§§N e
with
1 1
i = —  —(1(i» =1 1 11 =1 ).
[, 12) Var(W,,)Z!( (2=i1+ D)+ 11 =ir2+1))

Then, using the torus convention,

() = o

1
.. P 2 _
W;(l(z—]—i—l)—i—l(]_z—l—l))

T 2Var(W,)'
With p fixed, Var(W,,) ~ n, see for example [49], and hence Inf; (f) ~ n!.

5.2 A bound on the distance to normal, and universality of Wiener chaos. The
assumptions for our bound on the distance to the normal for a multilinear homogeneous
sum (14), and for our universality result, are as follows. Assume that the underlying
collection of independent, centered random variables X = (X;,i > 1) satisfy that for
all X; we have that E(X?) = 1and E(X}}) < co. Fixd = 2,and let {N,, f, :n = 1}
be such that N, — oo as n — oo. Suppose that each f,,: {1,...,N,}¢ — R
is symmetric and vanishes on diagonals. Assume that Q4 (n,X) = Qg (Nn, fu, X)
satisfies E[Q4(n, X)?] = 1 for all n.

Let G = (G;,i > 1) be an i.i.d. centered standard Gaussian sequence. The fol-
lowing theorem from [34] gives a bound between the distance between Q,(n, X) and
a standard normal variable, in terms of the influence function.
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Theorem 5.3. Let #: R — R have bounded derivatives up to order 3. Then there
exists an explicit constant C > 0, such that

[Eh(Qa0X) ~ ER(Qa 01| = € max nfi(f) + [ max lnf,-<fn)),

[ER(Qa(n,G) —Eh(Z)| < CVIE[Qa(n,G)*] - 3|

and

[B1Q(r, X)) ~ EIQa(r, &)¥) < € max nfi(fy) + [ max (7))

The proof consists of bounding |EA(Q4(n, X)) — EA(Qq4(n,G))| by applying
Theorem 3.18 in [27], which gives a bound in terms of the influence function, using a
generalisation of the Lindeberg invariance principle, and bounding |EA(Q4(n,G) —
E h(Z)| using Theorem 5.1.

Before we continue to universality, it should be pointed out that the above invariance
principle is very related to the following qualitative limit theorem which was proved in
[18], in the above setting and under slightly weaker assumptions.

Theorem 5.4. If,asn — oo,
(i) E[Q4(n,X)*] — 3, and
(i) (d —D!'maxi<i<n, Inf;(fn) — 0O,
then Q4 (n, X) convergesinlawto astandard Gaussianrandomvariable Z ~ A (0, 1).

Finally the main theorem from [34] shows the universality of Wiener chaos. By
universality we mean the observation that most information about large random systems
does not depend on the particular distribution of the components.

Theorem 55. Fixintegersm > 1 and dy,...,d, = 2. Forevery j = 1,...,m,
let {(Nn(j),f,,(j)) : n = 1} be a sequence such that {N,,(j) . n = 1} is a sequence of
integers going to infinity, and each function fn(j): {1,..., Néj)}df — R issymmetric
and vanishes on diagonals. Define 04, (N,,(j), ,,(j), G), n = 1, according to (14) and
assume that, for every j = 1....m, the sequence E[Q 4, (N, £9.6)2,n = 1,is
bounded. Let VV beam x m non-negative symmetric matrix whose diagonal elements
are different from zero, and let V,,(0, V) indicate a centered Gaussian vector with
covariance V. Then, asn — oo, the following conditions (1) and (2) are equivalent.

@ Thevector{Qdi(N,g"), ,,(j),G) :j =1,...,m}convergesinlawto N, (0, V);
(2) for every sequence X = {X; : i = 1} of independent centered random vari-
ables, with unit variance and such that sup; E|X;|*> < oo, the law of the vector

{0y, (N,1(j), n(j),X) j=1... m} converges to the law of N, (0, V) inthe
Kolmogorov distance.
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Itis obvious that (2) implies (1). To see that the converse holds, fix z € R. We have

|P[Qa(n,X) < z]-P[Z < z]|
<|P[Qa(n.X) < z]-P[Qa(n.G) < z]| + |[P[Q4(n.G) < z]-P[Z < z]|
=: 69 (2) + 89 (z).

To show that 8,(,“)(2) — 0 use Theorem 2.2 in [27]; to derive that 8,(,b)(z) — 0 we
employ Theorem 5.1.

6 Generalizations

Using similar tools as for normal approximations, chi-square approximations are also
available; these are sometimes called non-central limit theorems; see for example [31]
and [34]. In [31], [33], and [34], bounds on distributional distances are available not
only for metrics based on smooth functions and Wasserstein distance, but also for other
distances such as Kolmogorov distance, and total variation distance. These papers also
contain generalisations to multivariate settings.

Recently these ideas have been applied to Wigner chaos in a free probability setting,
yielding convergence criteria to the semicircular law, see [37]. In [29] the universality
principle for Gaussian Wiener chaos is applied to prove multi-dimensional central limit
theorems, and an almost-sure central limit theorem, for the spectral moments associated
with random matrices with real-valued i.i.d. entries.

An application to finding the density of a random variable which is measurable and
differentiable with respect to an isonormal Gaussian process is in [38], relating back to
the original aims by [25]. In [1], the approach is applied to obtain partial differential
equations for densities of multi-dimensional random variables.

We could think of other conceivable generalisations. As Stein’s method does not
require an ordered index set, the results should be generalizable, for example to statistics
based on edges in random graphs. Also it should be straightforward to generalise the
universality result for N = oo. Another direction would be to generalise the results to
approximations by a Gaussian process, or by a Gaussian random measure. Convergence
to a Gaussian random measure via Stein’s method has been set up in [48]. In [40]
functionals of Gaussian random measures are considered, and [7] show an almost-sure
CLT for multiple stochastic integrals. In [4] convergence to a Gaussian process has
been studied via Stein’s method, but not yet in connection with Malliavin calculus.
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Merging and stability for time inhomogeneous finite
Markov chains

Laurent Saloff-Coste* and Jessica Zufiga**

1 Introduction

As is apparent from most text books, the definition of a Markov process includes, in the
most natural way, processes that are time inhomogeneous. Nevertheless, most modern
references quickly restrict themselves to the time homogeneous case by assuming the
existence of a time homogeneous transition function, a case for which there is a vast
literature.

The goal of this paper is to point out some interesting problems concerning the
guantitative study of time inhomogeneous Markov processes and, in particular, time
inhomogeneous Markov chains on finite state spaces. Indeed, almost nothing is known
about the quantitative behavior of time inhomogeneous chains. Even the simplest
examples resist analysis. We describe some precise questions and examples, and a few
results. They indicate the extent of our lack of understanding, illustrate the difficulties
and, perhaps, point to some hope for progress.

We think the problems discussed below have an intrinsic mathematical interest (in-
deed, some of them appear quite hard to solve) and are very natural. Nevertheless, it is
reasonable to ask whether or not time inhomogeneous chains are relevant in some appli-
cations. Most of the recent interest in Markov chains is related to Monte Carlo Markov
Chain algorithms. In this context, one seeks a Markov chain with a given stationary
distribution. Hence, time homogeneity is rather natural. See, e.g., [26]. Still, one of
the popular algorithms of this sort, the Gibbs sampler, can be viewed as a time inhomo-
geneous chain (one that, despite huge amount of attention, is still resisting analysis).
Time inhomogeneity also appears in the so-called simulated annealing algorithms. See
[12] for a discussion that is close in spirit to the present work and for older references.
However, certain special features of each of these two algorithms distinguish them from
the more basic time inhomogeneous problems we want to discuss here. Namely, in the
Gibbs sampler, each individual step is not ergodic (it involves only one coordinate)
whereas, in the simulated annealing context, the time inhomogeneity vanishes asymp-
totically. Other interesting stochastic algorithms that present time inhomogeneity are
discussed in [10].

In many applications of finite Markov chains, the kernel describes transitions be-
tween different classes in a population of interest. Assuming that these transition
probabilities can be observed empirically, one application is to compute the stationary

*Research partially supported by NSF grant DMS 0603886.
**Research partially supported by NSF grants DMS 0603886, DMS 0306194 and DMS 0803018.
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measure which describes the steady state of the system. Examples of this type include
models for population migrations between countries, models for credit scores used to
study the default risk of certain loan portfolios, etc. In such examples, it is natural to
consider cases when the Markov kernel describing the evolution of the system depends
on time in either a deterministic or a random manner. The reason for the time inho-
mogeneity may come, for example, from seasonal factors. Or it may model various
external events that are independent of the state of the system. Even if one decides that
time homogeneity is warranted, one may wish to study the possible effects of small but
non-vanishing time dependent perturbations of the model. It seems rather important
to understand whether or not such perturbations can drastically alter the behavior of
the underlying model. This type of practical questions fit nicely with the theoretical
problems discussed below.

A large class of natural examples of time inhomogeneous chains comes from time
inhomogeneous random walks on groups. These are discussed in [2], [28]. A special
case is the semi-random transpositions model discussed in [14], [21], [22], [28].

2 Merging and stability

This section introduces the two main properties we want to focus on: merging (in total
variation or relative-sup) and stability. Given two Markov kernels K, K,, we set

KiKx(x,y) = ) Ki(x,2)Ka(z, ).

Given a sequence (K;){° and 0 < m < n, we set

Km,n: m+1---Kn, Knm=1.

s

2.1 Merging. Recall that an aperiodic irreducible Markov kernel K on a finite state
space admits a unique invariant probability measure 7. Further, for any starting measure
o and any large time n, the distribution u, = weK” at time n is both essentially
independent from the starting distribution o and well approximated by 7.

Consider now the evolution of a system started according to an initial distribution
Mo anddriven by a sequence (K;){° of Markov kernels so that, at time 7, the distribution
iSn = woK1K> ... K,. In[1], [4] such a sequence (u,)$° of probability measures is
called a “set of absolute probabilities” but we will not use this terminology here. Inmany
cases, for very large n, the distribution w,, will be essentially independent of the initial
distribution 9. Namely, if 1o, iy, are two initial distributions and ., = oK ... Ky,
w, = oKy ... Ky, then it will often be the case that

lim ||wn — piyllrv = 0.
n—oo

We call this loss of memory property merging (total variation merging, to be more
precise).
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One may also want to know whether or not

map (i) -

We call this later property relative-sup merging. Total variation merging is often dis-
cussed under the name of “weak ergodicity”. See, e.g., [1], [4], [6], [15], [16], [18],
[24]. We think “merging” is more appropriate.

If there is merging, then one may want to ask quantitative questions about the
merging time. For any € € (0, 1), we set

Ty(e) = inf {n : Vjso. 1. llttn — st llrv < €} (2.1)

and )
ﬂ—lH 56}. 2.2)

n

Too(€) = inf {n 2 V1o, to-

The next definition introduces the collective notions of merging and merging time
for a given set @ of Markov kernels.

Definition 2.1. Let @ be a set of Markov kernels on a finite state space. We say that
@ is merging in total variation (resp. relative-sup) if any sequence (K;){° of kernels in
@ is merging in total variation (resp. relative-sup). We say that @ has total-variation
(resp. relative-sup) e-merging time at most 7 (¢) if the total variation (resp. relative-sup)
e-merging time (2.1) (resp. (2.2)) is bounded above by T'(¢), for any sequence (K;){°
of kernels in @.

Let us emphasize that, from the view point of the present work, it is more natural
to think in terms of properties shared by all sequences drawn from a set of kernels than
in terms of properties of some particular sequence.

2.2 Stability. Inthe previous section, the notion of merging was introduced as a natural
generalization of the loss of memory property in the time inhomogeneous context. The
notion of stability introduced below is a generalization of the existence of a positive
invariant distribution.

Definition 2.2. Fix ¢ > 1. Given a Markov chain driven by a sequence of Markov
kernels (K;){°, we say that a probability measure r is c-stable (for (K;){°) if there
exists a positive measure pq such that the sequence u”* = o Ko, satisfies

¢l < Up <cm.

When such a measure  exists, we say that (K;)$° is c-stable.

Example2.3. Let K be an irreducible aperiodic kernel. Then the chain driven by K is
1-stable. Indeed, it admits a positive invariant measure = and 7 K™ = m. Further, for
any probability measure po With || (110/7) — 1|0 < €, the sequence p, = uoK", n =
1,2,...,satisfies (1 —€)7 < u, < (1+€)m. Indeed, in the space of signed measures,
the linear map u — K isacontraction for the distance d (i, v) = |[(t/7)—V/7) | 0o-
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In the next definition, we consider the notion of ¢-stability for a family @ of Markov
kernels on a fixed state space. This definition is of interest even in the case when

Q = {01, 0>} isanpair.

Definition 2.4. Fix ¢ > 1. Given a set @ of Markov kernels on a fixed state space,
we say that a probability measure 7 is a c-stable measure for @ if there exists a
positive measure jio such that for any choice of sequence (K;)$° in @, the sequence
Un = o Ko, satisfies

¢l < Up <cm.

When such a measure 7 exists, we say that @ is c-stable.

Example 2.5. Assume the state space is a group G and let @ be the set of all Markov
kernels Q such that Q(zx,zy) = Q(x, y)forall x, y,z € G. This setis 1-stable with
1-stable measure u, the uniform measure on G.

Example 2.6. On the two-point space, a finite set @ of Markov kernels is c-stable if
and only if it contains no pairs {Q;, Q»} with Q; = (féi 1;:"' ) suchthat Q; # Q»,
ay = 0, b, = 0. This condition is clearly necessary. It is not immediately obvious that
it is sufficient. See [29].

Remark 2.7. Consider the problem of deciding whether or not a pair @ = {Q1, 0>}
of two irreducible ergodic Markov kernels with invariant measure 7y, 75, respectively,
is c-stable. This can be pictured by considering a rooted infinite binary tree with edges
labeled Q; (= left) and Q, (= right) as in Figure 1. Obviously, any sequence (K;)$°
with K; € @ corresponds uniquely toanend w € 2 where 2 denotes the set of the ends
the tree. Given an initial measure 1o (placed at the root), the measure u® = o Ko,»
is obtained by following w from the root down to level n. Thus, for each choice of g,
we obtain a tree with vertices labeled with measures.

Ho?
01 0>

01 0>
01 01/ \02

Figure 1. The Q1, Q> tree.

The question of c-stability is the problem of finding an initial measure p which, in
some sense, minimizes the variations among the .%’s. At the left-most and right-most
ends wy, w,, We get uy’ — ;. Note that, if O, O, share the same invariant measure
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1 = 7, = 7, thenthe choice uy = 7 yields a tree all of whose vertices are labeled by
7. The existence of a c-stable measure 1o can be viewed as a weakening of this. The
difficulty is that the existence of an invariant measure and thus the equality between 74
and 7, can be viewed as an algebraic property whereas there seems to be no algebraic
tools to study c-stability.

2.3 Simple results and examples. We are interested in finding conditions on the
individual kernels K; of a sequence (K,){° that imply merging. This is not obvious
even if we consider the very special case when all the K;’s are drawn from a finite set
of kernels @ = {Qy, ..., O} oreven froma pair @ = {Qy, Q1}.

e Suppose that Qg, Q; are irreducible and aperiodic. Does it imply any sequence
(K;){° drawn from @ = {Qy. Q1} is merging?

The answer is no. Let o be the invariant measure of Qg and let Q1 = Qg be the
adjoint of Q¢ on £2(mg). If (Qy. mo) is not reversible (i.e., Qy is not self-adjoint on
£2(7o)) then it is possible that Qo O is not irreducible. When Qo Q¢ is not irreducible,
the sequence K; = Q; mod 2 iS NOt merging.

« Suppose that Q, Q; are reversible, irreducible and aperiodic. Does it imply any
sequence (K;){° drawn from @ = {Qo, Q1} is merging in relative-sup?

The answer is no, even on the two point space! On the two point space, @ = {Qq, 01}
is merging in total variation as long as Qg, Q1 are irreducible aperiodic but relative
sup merging fails for the irreducible aperiodic pairs of the type

0 1 b 1-b
QO:(I—a a)’ Ql:(l 0 )

with0 < a,b < 1. See [29].
The following examples are instructive.

Example2.8. OnS = {1, ..., 5} consider the reversible kernels Q¢, O corresponding
to the graphs in Figure 2 (all edges have weight 1). Consider the sequence K; =
Qimod2 S0that K1 = O, K> = Q¢, Kz = Qy,.... If,ataneventime n = 2¢, the

chain is at states 2 or 5 then from that time on, the chain will be in {2, 5} at even times
and in {3, 4} at odd times. In this example, the chain driven by (K;){° is merging in
total variation but is not merging in relative-sup.

Example 2.9. The kernels depicted in Figure 3 yield an example where total variation
(hence, afortiori, relative-sup) merging fails. Inthis example, the sequence (K;){° with
K; = Qi mog 2 Tails to be merging in total variation because the chain will eventually
end up oscillating either between 2 and 1, or between {4, 7} and {5, 6}, with a preference
for one or the other depending on the starting distribution 1.

Let us give two simple results concerning merging.



132 L. Saloff-Coste and J. Zifiiga

L2 NNLVAN
IV

Figure 2. A five-point example.

o N

. e PN
1234\6/7 2135\7/6

Figure 3. A seven-point example.

Proposition 2.10. Assumethat, for eachi, thereexistsa state y; andareal ¢; € (0, 1)
such that
Vx, Ki(x,yi) > €.

If >°; i = oo then the sequence (K;){° ismerging in total variation. If, in addition,
each K; isirreducible then the sequence (K;){° is also merging in relative-sup.

Proof. For total variation, this can be proved by a well-known Doeblin’s coupling
argument (see, e.g., [13], [29]) and irreducibility of the kernels is not needed. Of
course, the mass might ultimately concentrate on a fraction of the state space.
Merging in relative-sup is a bit more subtle and irreducibility is needed for that
conclusion to hold (even in the time homogeneous case). A proof using singular values
can be found in [29]. O

Remark 2.11. Under the much stronger hypothesis V x, y, K;(x,y) > ¢; > 0, one
gets an immediate control of any sequence p, = o Kon, n = 1,2, ..., inthe form

Yz, € =Min{Ky(x, y)} < pn(z) < sUp{Ku(x, y)} =1 —(N — Dey
x,y X,y

where N is the size of the state space.

Remark 2.12. The hypothesis 3 y;, V x, K;(x, y;) > € > 0, is obviously too strong
in many cases but it can often be applied to study a time inhomogeneous chain (K;)$°
by grouping terms and considering the sequence Q; = Kj,; »,,, for an appropriately
chosen increasing sequence #;. In the simplest case, for a given sequence (K;)$°, one
seeks € € (0, 1) and an integer m such that K¢, ¢m+m(x,y) > € forall x, y, £. When
such a lower bound holds, one concludes that (1) the chain is merging in total variation
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and relative-sup and (2) there exists ¢ € (0, 1) such that for any starting measure j
and n large enough, the measures 1, = o Ko, satisfy ¢ < u,(z) < 1 —c. However,
this type of argument is bound to yield very poor quantitative results in most cases.

For the next result, recall that an adjacency matrix A is a matrix whose entries are
either 0 or 1.

Proposition 2.13. On a finite state space let (K;){° be a sequence of Markov kernels.
Assume that:

(1) (Uniform irreducibility) There exist £, € € (0, 1) and adjacency matrices (A4;)S°,
suchthat, Vi, x, y, Af(x,y) > 0and K;(x,y) > €d;(x,y).

(2) (Uniform laziness) Thereexistsn € (0, 1) suchthat, Vi, x, K; (x, x) > n.

Then the chain driven by (K;)$° is merging in total variation and relative-sup norm.
Moreover, there exist ng and ¢ € (0, 1) such that for any starting distribution ¢, all
n>ngandal z, u, = poKon satisfies u,(z) € (c,1 —c).

Proof. Let N be the size of the state space. Using (1)—(2), one can show (see [29]) that
Knnt+n(x,y) > (minfe, n})N~1. The desired result follows from Proposition 2.10
and Remark 2.12. O

Note that this argument can only give very poor guantitative results!

3 A short review of theliterature

The largest body of literature concerning time inhomogeneous Markov processes come,
perhaps, from the analysis of Partial Differential Equations where time dependent co-
efficients are allowed. The book [36] can serve as a basic reference. Unfortunately,
it seems that the results developed in that context are local in nature and are not very
relevant to the quantitative problems we are interested in. The literature on (finite) time
inhomogeneous Markov chains can be organized under three basic headings: Weak
ergodicity, asymptotic structure, and products of stochastic matrices. We now briefly
review each of these directions.

3.1 Weak ergodicity. One of the earliest references concerning the asymptotic behav-
ior of time inhomogeneous chains is a note of Emile Borel [2] where he discusses time
inhomogeneous card shufflings. In the context of general time inhomogeneous chains
on finite state spaces, weak ergodicity, which we call total variation merging, i.e., the
tendency to forget the distant past, was introduced in [19] and is the main subject of
[16]. See also [5] and the reference to the work of Doeblin given there. A sample
of additional old and not so old references in this direction is [15], [18], [23], [24],
[25], [32]. An historical review is given in [33]. The main tools developed in these
references to prove weak ergodicity are the use of ergodic coefficients and couplings.
A modern perspective, close in spirit to our interests, is in [10], [11], [13]. It may be
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worth pointing out that, by design, ergodic coefficients mostly capture some asymptotic
properties and are not well suited for quantitative results, even in the time homogeneous
case.

3.2 Asymptoticstructure. One of the basic results in the theory of time homogeneous
finite Markov chains describes the decomposition of the state space into non-essential
(or transient) states, essential classes and periodic subclasses. It turns out that, perhaps
surprisingly, there exists a completely general version of this result for time inhomoge-
neous chains. This result is rather more subtle than its time homogeneous counterpart.
Sonin [34], Theorem 1, calls it the Decomposition-Separation Theorem and reviews its
history which starts with a paper of Kolmogorov [19], with further important contribu-
tions by Blackwell [1], Cohn [4] and Sonin [34].

Fix a sequence (K,){° of Markov kernels on a finite state space 2. The Decompo-
sition-Separation Theorem yields a sequence ({S¥,k = 0, ... c})52, of partitions of
Q so that:

(a) With probability one, the trajectories of any Markov chain (X,,) driven by (K,,)$°
will, after a finite number of steps, enter one of the sequence S¥ = (S,’l‘)jf:l, k =
1,...,c, and stay there forever. Further, for each &,

o
Y P(Xn € SE: Xng1 # 5K ) +P(Xy ¢ SK: Xy € SE,,) < oo

n=1
(b) Foreach k = 1,..., ¢, and for any two Markov chains (X,;)$°, (X,7)$° driven
by (K,)$° such that lim, .. P(X} € S¥) > 0, and any sequence of states x, € S¥,
i POG = x|X, €S
n—00 P(Xr% — Xn|X,% c S’Il‘) =

The sequence (S2)$° describes “non-essential states” and a chain is weakly ergodic
(i.e., merging in total variation) if and only if ¢ = 1, i.e., there is only one essential
class. We refer the reader to [34] for a detailed discussion and connections with other

problems.
The Decomposition-Separation Theorem can be illustrated (albeit, in a rather trivial
way) using Example 2.9 of Figure 3 above. In this case, Q@ = {1, ..., 7}. We consider

the sequence of partitions (S¥), k € {0, 1,2}, where S9, = {1,3,5.6}, S9,,, =
{2,3.4,7}, S5, = {2}, S5, = {1} and S3, = {4,7}, $3,,, = {5.6}. Any chain
driven by Q1, Qo, Q1, ... will eventually end up staying either in S} or in S2 forever.

The Decomposition-Separation Theorem is a very general result which holds with-
out any hypothesis on the kernels K,,. We are instead interested in finding hypotheses,
perhaps very restrictive ones, on the individual kernels K, that translate into strong
quantitative results concerning the merging property of the chain.

3.3 Products of stochastic matrices. There is a rather rich literature on the study
of products of stochastic matrices. Recall that stochastic matrices are matrices with
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non-negative entries and row sums equal to 1. This last assumption, which breaks the
row/column symmetry, implies that there is significant differences between forward and
backward products of stochastic matrices. Given a sequence K; of stochastic matrices
The forward products form the sequence

Ki,=KiKs...Ku, n=1....,
whereas the backward products form the sequence

K, =Kn...K2Ky, n=1,....

There is a crucial difference between these two sequences: The entries K({n (x,y) do
not have any general monotonicity properties but, for any y,

n—>Mm,y) = mBX{Kg’n(x, )}
is monotone non-increasing and
n > m(n, y) = min{Kg, (x. y)}

is monotone non-decreasing. These properties are obvious consequences of the fact
that the matrices K; are stochastic matrices. Of course, both lim,_.., M(n, y) and
lim,, o m(n, y) exist for all y.

If, for some reason, we know that

PR b _ Kb (« =
Y x,x', nleoo%:IKo’n(X,y) Kon(x,y)| =0

then it follows that the backward products converge to a row-constant matrix IT, i.e.,
Vx,x',y, O(x,y)= lim K& (x.y). M(x,y) =, y).
n—o00 ’

The references [16], [19], [23], [25], [35], [38] form a sample of old and recent works
dealing with this observation.

Changing viewpoint and notation somewhat, consider all finite products of matrices
drawn fromaset @ of N x N stochastic matrices. Forow = (..., Kj—1, K;, Kj4+1,...) €
QZ a doubly infinite sequence of matrices and m < n € 7Z, set

Kpn=Knt1...Kn (Kmm =1).

A stochastic matrix is called (SIA) if its products converge to a constant row matrix.
Here, (SIA) stands for stochastic, irreducible and aperiodic although “irreducible” really
means that the matrix has a unique recurrent class (transient states are allowed so that
the constant row limit matrix may have some 0 columns). A central result in this area
(e.g., [35], [38]) is that, if @ is finite and all finite products of matrices in @ are (SIA)
then, for any doubly infinite sequence w € Q%,

lim " |Kp, (x,y) = Kip (<", y)[ =0 (3.1)
y

n—m-—oo
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and

mﬂmoo Ky, =15 (3.2)
where I1# is a row-constant matrix. Let =2 be the probability measure corresponding
to the rows of row-constant matrix I1¢. Observe that (3.1) and (3.2) imply

im > KR, (. y) = w2 ()] = 0.
y

The following proposition establishes some relations between these considerations,
total variation merging and stability.

Proposition 3.1. Let @ be a set of N x N stochastic matrices. Assume that @ is
merging (in total variation) and c-stable w.r.t. a positive measure 7. Then

(1) Anyfiniteproduct P of matricesin @ isirreducibleaperiodic and itsuniquepositive
invariant measure np satisfiesc™ln < 7p < c.

(2) Foranyw € Q% andanyn € Z, n¢ satisfiesc™'w < 7 < cm, i.e, any limit
row " of backward products of matricesin @ satisfiesc™!'n < 7’ < cn.

Proof. (1) As @ is c-stable w.r.t. 7, there exists a positive measure jo such that for
any finite product P of matrices in @ and any n, c™'7 < poP" < cm. Since @ is
merging, we must have lim, .., P" = I1p with ITp having constant rows, call them
wp. This implies ¢~z < wp < cm. Since x is positive, wp must be positive and
lim,_ . P™ = I1p implies that P is irreducible aperiodic. We note that (1) is, in fact,
a sufficient condition for stability. See [29], Proposition 4.9. Under the hypothesis that
@ is merging, (1) is thus a necessary and sufficient condition for c-stability.

(2) Fix € @%. By hypothesis, on the one hand, there exists a positive probability
measure jio such that ¢!z < oKy, , < cm. On the other hand, merging imply
that lim,, o K3, , = I3} and thus, lim,,—,_ oKy, , = m,’. The desired result
follows. O

3.4 Product of random stochasticmatrices. For pointers to the literature on products
of random stochastic matrices and Markov chains in a random environment, see, e.g.,
[31, [6], [27], [37] and the references therein. We end this section with short comments
regarding the simplest case of products of random stochastic matrices, i.e., the case
where the matrices K; form an i.i.d sequence of stochastic matrices. The backward
and forward products K§ , = K, ... K1, K({n = K, ... K, become random variables
taking values in the set of all N x N stochastic matrices. Although these two sequences
of random variables have very different behavior as » varies, K§, and K({n have the
same law. Takahashi [37] proves that if

Vo, x', lim Z|K({n(va’)— K{,(x'.y)| =0 almost surely
y

n—>o0
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then K({n converges in law and the limit law is that of the limit random variable
lim,_ o K, 0 .- Rosenblatt [27] applies the theory of random walks on semigroups to

show that the Cesaro sums n~! > K J ;(xy) always converge to a constant almost
surely. The articles [3], [6] discuss S|m|Iar results under more general hypotheses on
the nature of the random sequence (K;)$°. Unfortunately, these interesting results
concerning random environments do not shed much light on the quantitative questions
emphasized here.

4 Quantitativeresults and examples

Informally, the question we want to focus on is the following. Let (K, ) be an ir-
reducible aperiodic Markov kernel and its stationary probability measure. Let (K;)$°
be a sequence of Markov kernels so that, for each i, K; is a perturbation of K with
invariant measure 7; that is a perturbation of 7 (what “perturbation” means here is left
open on purpose). For an initial distribution g, consider the associated sequence of
measures defined by u, = woKy... Ky, n =1,2,....

Problem 4.1. (1) Does total variation merging hold?
(2) Does relative-sup merging hold?
(3) Does there exists ¢ > 1 such that, for n large enough,

Vx, -1 . Mn () <
=0 -
Obviously, these questions call for quantitative results describing the merging times,
the constant ¢ and the “large” time » in terms of bounds on the allowed perturbations.
To understand what is meant by quantitative results, it is easier to consider a family of
problems depending on a parameter representing the size and complexity of the problem.
So, one starts with a family (Qx, Ky, 7wy ) of ergodic Markov kernels depending on
the parameter N whose mixing time sequence (77 (N, €)){° (say, in total variation)
is understood. Then, for each N, we consider perturbations (Ky,;){2, of Ky with
stationary measure ny,; close to 7y and ask if the merging time of (K ;)?2, can be
controlled in terms of 71 (N, €).

Problem 4.2. Let Qy = {0,..., N}. Let @y be the set of all birth and death chains
QonVy with Q(x,x +¢€) € [1/4,3/4] forall x,x + € € Vy, € € {—1,0, 1} and with
reversible measure n satisfying 1/4 < (N + )z(x) <4, x € Vy.

(1) Prove or disprove that there exists a constant A independent of N such that @ 5
has total variation e-merging time at most AN2(1 + log,. 1/¢).

(2) Prove or disprove that there exists a constant A independent of N such that @y
has relative-sup e-merging time at most AN>(1 + log_. 1/¢).
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(3) Prove or disprove that there exist constants 4, C > 1, such that, for any N and any
sequence (K;){° € @y, we have

Vx.yeQn., Vn>AN?,

K ,¥) < .
O,n(x J’)_ N+1

_— <
C(N+1) —

Here the time homogeneous model is the birth and death chain Ky with constant
ratesp =g =r =1/3andzy = 1/(N+1),s0that Ky (x,y) = Ounless [x—y| < 1,
K(0,0) = K(N,N)=2/3and K(x,x) = K(x,x £ 1) = 1/3 otherwise. Of course,
itis well known that 71 (K, €) >~ Teo(Kn,€) ~ N*(1 +log, (1/€)) for small € > 0.
Problem 1.2 asks whether or not these mixing/merging times are stable under suitable
time inhomogeneous perturbations of K and whether or not the limiting behavior
stays comparable to that of the model chain. To the best of our knowledge the answer
is not known and this innocent looking problem should be taken seriously.

There appears to be only a small number of papers that attempt to prove quantitative
results for time inhomogeneous chains. These include [11], [13], [14], [21], [22] and
the authors’ works [28], [29], [30], [31]. The works [14], [21], [22], [28] treat only
examples of time inhomogeneous chains that admit an invariant measure. Technically,
this is a very specific hypothesis and, indeed, these works show that many of the well
developed techniques that have been used to study time homogeneous chains can be
successfully applied under this hypothesis.

4.1 Singular values. A typical qualitative result about finite Markov chains is that an
irreducible aperiodic chain is ergodic. We do not know of any quantitative versions of
this statement. Let K be an irreducible aperiodic Markov kernel with stationary measure
7 so that u, = noK™ — m as n tends to infinity, for any starting distribution p,.

If (K, ) is reversible (i.e., 7(x)K(x,y) = 7n(y)K(y,x)) and if 8 denotes the
second largest absolute value of the eigenvalues of K acting on ¢2(rr) then B < 1 and

2/l — 7|ty < |lo/7|28" (4.1)

where |0/ 7|2 is the norm of fy = po/m in €2(r). This can be considered as a
guantitative result although it involves the perhaps unknown reversible measure 7.

If (K, ) is not reversible, the inequality still holds with 8 being the second largest
singular value of K on £2(r) (i.e., the square root of the second largest eigenvalue of
K K* where K* is the adjoint of K on £2(x)). However, it is then possible that 8 = 1,
in which case the inequality fails to capture the qualitative ergodicity of the chain.

Inequality (4.1) has an elegant generalization to the time inhomogeneous setting.
Let (K;)$° be a sequence of irreducible Markov kernels (on a finite state space). Fix
a positive probability measure wo (by positive we mean here that o (x) > 0 for all x)
and set

Mn = MOKO,n-
In the time inhomogeneous setting, we want to compare this sequence of measures
(1n)° to the sequence of measures (Ko, (x, -))$° describing the distribution at time n
of the chain started at an arbitrary point x.
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To state the result, for each i, consider K; as a linear operator acting from £2(j;)
to £2(1;—1). One easily checks that this operator is a contraction. Its singular values
are the square roots of the eigenvalues of the operator P; = KK : €(j;) — £*(w:)
where K: €2(i—1) — €*(u;) is the adjoint operator which is a Markov operator
with kernel

K;(y, i
K (x,y) = i i1 ()
Hi(x)
We let
o;i = o(Ki, ki, li—1)
be the second largest singular value of K;: ¢2(u;) — £>(i—1). It is the square root
of the second largest eigenvalue of the Markov kernel
1

Pi(x,y) = ()

ZKi(Z,x)Ki(z,y)u,-_l(z). 4.2)
4
Theorem 4.3. With the notation introduced above, we have

n
1Ko (x.) = pallry < po(x)™* ] o
1

and
KO,n(-x’ J’) _

-1/2 - ,
s 1] < a1 o

For the proof, see [11], [29]. The proofs given in [11] and [29] are rather different
in spirit, with [11] avoiding the explicit use of singular values. Introducing singular
values allows for further refinements and is useful for practical estimates. See [28],
[29]. When coupled with the hypothesis of c-stability, the above result becomes a
powerful and very applicable tool. See, e.g., [29], Theorem 4.11, and the examples
treated in [29], [30]. Unfortunately, proving c-stability is not an easy task.

A good example of application of Theorem 4.3 is the following result taken from
[29]. We refer the reader to [29] for the proof.

Theorem 4.4. Fix1 <a < A < oco. Let @y (a, A) bethe set of all constant rate birth
an death chainson {0, ... ., N } with parameters p, g, r satisfying p/q € [a, A]. The set
@n(a, A) ismerging in relative-sup with relative-sup e-merging time bounded above
by

Too(€) < C(a, A)(N + log, 1/e).

In contrast, note that the set @ = {Q1, Q»} where Q; is the p;, ¢; constant rate
birth and death chain on {0,..., N} and p; = ¢», g1 = p» cannot be merging faster
than N2 because the product K = Q; 0, is, essentially, a simple random walk on a
circle with almost uniform invariant measure. See [29], Example 2.17.
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It may be illuminating to point out that Theorem 4.3 is of some interest even in
the time homogeneous case. Suppose K is irreducible aperiodic kernel with stationary
measure 7 and second largest singular value o on £2 (). Then we have

K"(x.y)

qsh@h@W”%” (4.3)
(y)

One difficulty attached to this estimate is that both [ (x)7(y)]~'/2 and o depends on
the perhaps unknown stationary measure 7.
Consider instead an initial measure o > 0 and set u, = woK”". Then we also
have
K™(x, )

-1/2 - .
i Jﬂmmww1 Um (4.9)

where o; is the second largest singular value of K : £2(u;) — ¢*(u;—1). In particular,
setting ;g = Miny{o(x)},

‘ﬂ(y) _1

* —1/2 = X
sy~ | = i o @5)

The estimates (4.4)—(4.5) have the disadvantage that each o; depends on o through
ii—1 and w;. They have the advantage that they do not depend in any direct way of .
From a computational viewpoint, they offer a dynamical estimate of the error in the
approximation of = by u,.

4.2 An example where stability fails. In this section, we present a simple example
that indicates why stability is a difficult property to study from a quantitative viewpoint.
LetQy ={0,1,....N}, N =2n+ 1. Fix p,g,r >0withp+qg+r=1,p #q,
and n; € [0, 1). Consider the Markov kernels QO given by

0:12x,2x+1)=p, x=0,...,n
0:2x,2x—-1)=¢q, x=1,...,n,
0:2x—1,2x)=¢q, x=1,...,n,
0:12x+1,2x)=p, x=0,...,n—1,
Oi(x,x)=r, x=1,...,2n,

El

and
010,00 =g+r, OQ1(N.N)=mn1, Qi1(N.N—-1)=1-n;.
This chain has reversible measure 7, given by
(I—n)p~*
NI =n)p~t + 1

m(0) = =m(N-1)=(1-n)p 'm(N)=



Merging and stability for time inhomogeneous finite Markov chains 141

r

r r r
dtrotutile  okitolon
p 4 p P4 I-m

Figure 4. The chain with kernel Q.

Next, we let O, be the kernel obtained by exchanging the roles of p and ¢ and
replacing n; by n, € [0, 1). Obviously, this kernel has reversible measure 7, given by

(1—m)g~!

N(A—m)g='+1

As long as p, ¢ are bounded away from 0 and 1 and 5y, n, are bounded away from
1 these kernels Q 1, O, can be viewed as perturbations of the simple random walk on a
stick (with loops at the ends). Their respective invariant measures are close to uniform.
In fact, they are uniformifn; =g +r,mo = p +r.

It is clear that, even if rnin, = 0, for any sequence (K;)$° with K; € {Q1, 0>}
we have

m(0) =+ =m(N —1) = (1 —n2)g 'm2(N) =

min {Kmmran+1(x,y)} > (min{p,q})*N 1 > 0.
X, yEQ N

Hence, if we let ;1o = u be the uniform measure and set 11, = 1o Ko, then there exists
aconstant c = ¢(p,q, N) € (1, 0o) such that

Vn, ¢ l< Un(x) <c.

Further, it follows that any such sequence (K;){° is merging in total variation and in
relative-sup.

Nevertheless, we are going to show that the stability property fails at the quantitative
level as N tends to infinity. For this purpose, we compute the kernel of K = 01 0>.
To understand K, it is useful to imagine that the elements of {0, ..., N} arranged on
a circle with the even points in the upper half of the circle and the odd points on the
lower half of the circle. The only points on the horizontal diameter of the circle are 0
and N.

The kernel K is given by the formulae:

K(2x,2x +2) = p%, K(2x +2,2x) = ¢°, x=0,...n—2,
K@2x +1,2x +3) =¢*, KQ2x +3,2x+ 1) = p>, x=0,....,n—-2,
K(0,0) =2pg +r, K(x,x)=2pq+r2, x=1,...,N=2,
Kx,x+1)=Kx+1,x)=r(p+q) x=1,...,N =2,

KO, 1)=¢*>+r(1—r), K1,0) = p2+r(1—r),
K(N —1,N) = pny +rq,
K(N,N —1) = (1 =n2)nm + (1 —nor,
K(N —2,N) =¢> K(N,N—2)=(1—n1)p,
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K(N—I,N—I)ZP(Q"‘I—UZ)‘FrZ’
K(N,N)=mn2+ (1 —m)g.

The following special cases are of interest.

(i) r =0,n1 =¢q,n2 = p. Inthiscase 7; = 5 is uniform and K is the kernel of a
nearest-neighbors random walk on the circle with transition probabilities p2, ¢>
and holding 2 pq. Of course, this chain admits the uniform measure as invariant
measure.

(ii) r = 0,71, = n2 = 0. Inthis case, K is essentially the kernel of a p’ = p2,¢' =
g?.r" = 2pq birth and death chain. More precisely, after writing xo = N, x; =
N-2,....,xp-1=Lx,=0,xy41 =2,...,xn-1 = N =3, xy =N -1,
we have

K(xi,xi+1) = p*,  K(xi,xi—1) = ¢*, K(xi,xi) = 2pq

except for K(xo,x1) = p, K(x9,x0) = ¢, K(xn§,xny) = p + pg. This chain
has invariant measure

m(xi) = n(xo)p ' (p/@)*. i=1,....N.

Using the same notation as in (ii) above, we can compute the invariant measure = of
K when r = 0 for arbitrary values of n;, n,. Indeed, = must satisfy the following
equations:
w(x;) = 2pqm(xi) + p*m(xi—1) + ¢*mi(xig1), i=2,....N —1,
m(x1) = 2pqm(x1) + (1 — 1) pr(x0) + ¢>m(x2).
m(x0) = (mm2 + (1 = n)g)m(x0) + ¢*m(x1) + pmam(xn).
w(xn) = plg + 1 =n2)m(xn) + (1 = n2)mm(xo) + pm(xn-1).
Because of the first equation, we set 7(x;) = a + B(p/q)* fori = 1,...,N. This
gives
(1 =n)pr(xo) = (B + a)p?,
(p —mOrz — )7 (x0) = ¢*(a + B(p/9)*) + pnale + B(p/9)*™).
(1= n)mm(xo) = alg® + p(n2 — p)) + pn2B(p/q)*" .

Since the equations of the system = = 7K are not independent, the three equations
above are not either. Indeed, subtracting the last equation from the second yields the
first. So the previous system is equivalent to

(1—n)p '7(x0) =B +a,

(1 — n)nim(xo) = a(q® + p(n2 — p)) + pn2B(p/q)*" .
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Hence, recalling that g2 — p? = ¢ — p since p + ¢ = 1,

B = (I1=n1)(g/p) — (1 —n2)
qg—p+pnd—(p/q9)*)

7 (xo)

and
o = L=mIm = (= n)ma(p/9)*"

qg—p+pn2(1—(p/q)*N)

When ny = 1, = 0 (resp. n; = q,n = p), we recover @ = 0, B = p~'m(xq) (resp.
a = m(xg), B =0).

The denominator ¢ — p + pna(1 — (p/q)?*N) is positive or negative depending
on whether ¢ > p or ¢ < p. By inspection of these formulae, one easily proves the
following facts (the notation x; refers to the relabelling of the state space introduced in
(ii) above).

7 (xo).

e Assume that ¢ > p, r = 0. For any fixed n; > 0, there is a constant ¢ =
c(p,q,m1,12) € (1,00) such that, for all large enough N, we have

Vx, ¢! <(N4+Dr(x) <c.

If n; = Othenthereisaconstantc = ¢(p,q, n2) € (1, co) such that, for all large
enough N, we have

-1

Vi, ¢ <(q/p)Pan) <ec.

e Assume that ¢ < p, r = 0. For any fixed n, > 0, there is a constant ¢ =
c(p,q,m1,12) € (1,00) such that, for all large enough N, we have

Vx, ¢V <(N+ Dr(x) <c.

If n, = Othenthereisaconstantc = ¢(p,q, n1) € (1, co) such that, for all large
enough N, we have

Vi, ¢ <(q/p)* " Mr(x) <e.

On the one hand, whenr = 9y = 9, = 0and 0 < p # g < 1 are fixed, there
are no constants ¢ independent of N for which the set @ = {Q1, Q»} is c-stable. One
can even take py,gn sothat py /gy = 1 +aN~% + o(N~1) as N tends to infinity
witha > 0and 0 < @ < 1. Then QO and Q, are asymptotically equal but there are no
constants ¢ independent of N for which @ = {Q1, Q,} is c-stable.

On the other hand, when 0 < p,q,r < 1,71 = ¢+ randn, = p + r, the uniform
measure is invariant for both kernels and @ is 1-stable.

It seems likely that for fixed 1y, 12,7, p,g With 0 < p,q < 1 and either r > 0 or
n1n2 > 0 the set @ is c-stable but we do not know how to prove that.
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5 Time dependent edge weights

In this section, we consider a family of graphs &5 = (2, En). These graphs are non-
oriented with no multiple edges (edges are pairs of vertices e = {x, y} or singletons
e = {x}). We assume connectedness. We let d(x) be the degree of x, i.e., d(x) =
#{e € E : e > x} and set
d(x)
S(x) = ————.
2 xd(x)

For simplicity, we assume that these graphs have bounded degree, i.e.,
VN, VxeQy, dix) <D,

uniformly in N. A simple example is the lazy stick of length (N + 1) as in Problem 4.2
and Figure 5.

O—O Q0 _______Q Q0 Q0 o

Figure 5. The lazy stick.

5.1 Adapted kernels. For any choice of positive weights w = (w,).cg On G,, we
obtain a reversible Markov kernel K (w) with support on pairs (x, y) such that {x, y}
E, in which case

w
KW)(x.y) = 5= =2 N
edx Ve

The reversible measure is
TW)(X) = cW) ' Y we, c(W) =) ) we.
esx X e3x

For instance, picking w = 1, i.e., w, = 1 for all ¢ € E, we obtain the kernel
K.(x,y) = KQ)(x,y) = 1g({x, y})/d(x) of the simple random walk on the given
graph. The reversible measure for K, is 7 (1) = §.
Set
R(W) = max {w,/we :e,e’ € E}.

Observe that R(w) < b implies
Vx, b718(x) < m(w)(x) < b8(x). (5.1)

For instance, to prove the upper bound, let wy = min{w,} and write

32 < bs(x).

es>x wO

W) (x) = cW) ™ D we <

1
= 25 d(x)

The proof of the lower bound is similar. Further, we also have

Vx,y, (Db)"'m(W)(y) < m(W)(x) < Dbm(w)(y). (5.2)
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Indeed, ) ,5, we < Dbwo < Db Zeay We.
Forany N and b > 1, set
Q(EN,b) = {K(W): R(w) < b}.
For any N, b > 1 and fixed probability measure = on Qy, set
QN b, ) ={K(W): R(W) <b, n(W) = m}.

The set of weight @ (8w, b, w) may well be empty. However, we can use the Metropolis
algorithm construction to prove the following lemma.

Lemma5.1. Assumethat {x} € E for all x (i.e, the graphs ¥5 have a loop at each
vertex) and that a=! < 7(x)/8(x) < a. Then the set Q(gn,a*(b> + bD), ) is
non-empty for any » > 1. It contains a continuum of kernels K (w) for any » > 1.

Proof. Starting from any weight v with R(v) < b, we define a new weight w by setting

n(x)  7w(y) }

Vix,y} € E,x # Y, Wx,y} = Vx,yy MiN {n(v)(x)’ T(V)(y)

and

) x0) |

Wiy = c(V)T(x) = Y Oy yy MIN {n(v)(x)’ T(V)(y)

y#x

Itis clear that = (w) = 7 (Indeed, K(w) is the kernel of the Metropolis algorithm chain
for 7 with proposal based on K(v)). Further, since

L wx)  w(y) £
;C V{x,y} MiN {n(V)(x)’ n(v)(y)} =7(x) (C(V) JT(V)(X))’

we have

T _ < c(W)(x).

W) T
Now, since a=18(x) < m(x) < ad(x)and v € Q(§n,b), we obtain
Vx#yx #)y, eyt 342,
W{x’,y"}
and
Wix,y}  W{x}

Vi{x,y} € E, X, max{
Wexry  W{x,y}

; < a?bD.

Hence R(W) < a?(b® + bD) and K(W) € Q(§n,a*(b> + bD), ) asdesired. [
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5.2 Time homogeneous results. For each N, let ox be the second singular value of
(K, ), i.e., the second largest eigenvalue in absolute value of the simple random walk
on gy. For instance, for the “lazy stick” of Figure 5, 1 — o is of order 1/N?2. For
any w, let o (w) be the second largest singular value of (K(w), 7 (w)). The following
lemma concerns the time homogeneous chains associated with kernels in Q(§y, b).

Proposition 5.2. For any b > 1 and any K(w) € Q(§n,b),
b2(1 —oy) <1—o(w).
In particular, uniformly over w € @(8n, b),
KW)"(x.y)
m(W)(y)
with Ay =) d(x), dx = miny{d(x)}.
Proof. This is based on the basic comparison techniques of [7]. In the present case,
it is best to compare the lowest and second largest eigenvalues of K, call them g_
and 81, respectively, with the same quantities S_(w) and B (w) relative to K(w). The
relation with the singular value o (w) is given by o (w) = max{—B_(w), 81 (w)}. For
comparison purpose, one uses the Dirichlet forms (recall that edges here are (non-
oriented) pairs {x, y})

i) =— 3 1f )= fO)Pwe

1| <bd;'An(1—b"2(1 —opn))", (5.3)

cw) e={x,y}
and |
e N =6 =5 2 /=T
e={x,y}
Clearly, for any f,
b Anb
6.07.1) = “TRESS). Natan(1) = SNa (). (64)

This yields 1 — 8; < b%(1 — B1(W)). A similar argument using (the sum here is over
all x, y with {x, y} € E, which explains the 3 factor)

Falf )= 3 1)+ f0) gy

2C(W) x,y{x,y}€E
yields 1 + B < b2(1 + B_(w)). This gives the desired result. O

Exampleb5.3. Forour present purpose, call “(d, €)-expander family” any infinite family
of regular graphs gy of fixed degree d, with |Q2 x| = #Q y tending to infinity with N
and satisfying oy < 1—e. See [17], [20] for various related definitions and discussions
of particular examples. Proposition 5.2 shows that for any K(w) € Q(§n, b), we have

KW)"(x.y)

2\n
20 0) 1 = b|Qn[(1 —€/b%)",
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Let us point out that, beside singular values , there are further related techniques that
yield complementary results. They include the use of Nash and logarithmic Sobolev
inequalities (modified or not). See [8], [9], [28], [30]. For instance, to show that
on the “lazy stick” gy of Figure 5, any chains with kernel in @(€y, b) converges to
stationarity in order N2, one uses the Nash inequality technique of [8].

5.3 Time inhomogeneous chains. A fundamental question about time inhomoge-
neous Markov chains is whether or not a result similar to (5.3) holds true for time
inhomogeneous chains with kernels in @y (€y, b). Little is known about this.

Fix b > 1. Let (K;){° be a sequence of Markov kernels in @(§y.b) and K, ,
be the associated iterated kernel. Recall that the property “ox < 17 is equivalent
to the irreducibility and aperiodicity of K,. Because all the kernels in @(gn,b) are
(uniformly) adapted to the graph structure gy, there exists £ = {(N,b) and ¢ =
€(N,b) > 0 such that, for all n, K,, ,+¢(x,y) > €. As explained in Section 2.3, this
implies relative-sup merging for any such time inhomogeneous chain. However, this
result is purely qualitative. No acceptable quantitative result can be obtain by such an
argument.

Problem 5.4. Fix reals D,b > 1. Prove or disprove that there exists a constant A
such that for any family x5 with maximal degree at most D, any sequence (K;)$° with
K; € Q(6y,b), any initial distributions 119, ;¢ and any € > 0, if

n > A(l—on)~'(log|Qn| + log, (1/€))

then w, = poKo,» and u,, = gy Ko, satisfy

max M—l <e.
i =l

x€Qn || Upn (X)

This is an open problem, even for the “lazy stick” of Figure 5. It seems rather
unclear whether one should except a positive answer or not.

Next, we consider another question, quite interesting but, a priori, of a different
nature. Recall that, given &, § denotes the normalized reversible measure of K.

Problem 5.5. Fixreals D,b > 1. Prove or disprove that there exists a constant A > 1
such that for any family ¥y with maximal degree at most D, any sequence (K;){°with
K; € Q(§y, b) and any initial distributions o, if

n>A(l—-on) '(log|Qn|)
then w, = poKo,, satisfies

_1<,Uvn(x) <

v Q A
TN =5
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In words, a positive solution to Problem 5.4 yields the relative-sup merging in time
of order at most A(1 — o)~ ! log |2 x|, uniformly for any time inhomogeneous chain
with kernels in @(§y,b) whereas a positive solution to Problem 5.5 would indicate
that, after a time of order at most A(1 — oy)~!log ||, uniformly for any time
inhomogeneous chain with kernels in @ (§y, b) and for any initial distribution 1, the
measure u, = poKo,, iscomparabletod. Infact, because of the uniform way in which
Problem 5.5 is formulated, a positive answer implies that the measure § is A-stable for
Q(EN, D).

Atthis writing, the best evidence for a positive answer to these problems is contained
in the following two partial results. The first result concerns sequences whose kernels
share the same invariant distribution. For the proof, see [28].

Theorem 5.6. Fixreals D,b > 1 and measures 7 on Q. Assume that ¥y has
maximal degree at most D and that @ (&, b, ) isnon-empty. Under these circum-
stances, thereisaconstant A = A(D, b) suchthat for any € > 0, any sequence (K;){°
with K; € Q(8n, b, ) and any pair o, g, of initial distributions, if

n > A(1—on)~"'(log|Q,| + log, (1/€))

then w, = poKo,» and u,, = gy Ko, satisfy

mac (B} <

Note the hypothesis that @ (§x , b, 7x ) is non-empty impliesthat b~! < 7y /8 < b.
The second result assumes c-stability. For the proof, see [30].

Theorem 5.7. Fixreals D,b,c > 1. Assume that §y has maximal degree at most
D. Let (K;){° beasequence of kernelson Q y with K; € @(§n, b). Assume that the
distribution$ on 2 y isc-stablefor (K;){°. Thenthereexistsaconstant A = A(D, b, c)
such that for any e > 0 and pair 1o, i Of initial distributions, if

n > A(1—on)~"'(log|Q,| + log, (1/€))

then w, = poKo,» and u,, = gy Ko, satisfy

max M;(x)—l <e.
i )

x€Qn | Upn (X)

Theorem 5.6 can be viewed as a special case of Theorem 5.7. Indeed, if @ (§n, b, wx)
is not empty then we must have b=1§ < mn < b'§ so that § is a h-stable measure for
any sequence of kernels in @(§y, b, mx). By Lemma 5.1, it is not difficult to produce
examples where Theorem 5.6 applies. Finding examples of application of Theorem 5.7
(where the K;’s do not all share the same invariant distribution) is a difficult problem.

Under the stability hypothesis of Theorem 5.7, methods such as Nash inequalities
and logarithmic Sobolev inequality can also be applied. See [30].
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Remark 5.8. Consider the kernels Q1, Q, of Section 4.2, with fixed p, ¢, r, 11, 2
withr = ny =n, =0and 0 < p # g < 1. The kernels O, O, are adapted
to the graph structure of Figure 6. We proved in Section 4.2 that stability fails for

o

Figure 6. The underlying graph for the kernels Q, Q- of Section 4.2.

Q@ = {Q1, Q»}. Even on the “lazy stick” of Figure 5, we do not understand whether
stability holds or not. An interesting example of stability on the lazy stick is proved
in [29]. This example involves perturbations that are localized at the ends of the stick.
Further examples are discussed in [31].
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Somemathematical aspectsof mar ket impact modeling

Alexander Schied* and Alla Slynko

1 Introduction

Market impact risk isaspecific kind of liquidity risk. It describes the risk of not being
able to execute atrade at the currently quoted price because this trade feeds back in an
unfavorable manner on the underlying price. Spectacular casesin which market impact
risk played an important role were the debacle of Metallgesellschaft in 1993, the LTCM
crisisin 1998, or the unwinding of Jérdme Kerviel’s portfolio by Societé Générale in
2008. But market risk can also be significant in much smaller trades, and it belongs
to the daily business of many financial institutions. The basic observation is that the
liquidity costs of large trades can be reduced significantly by splitting the large trade
into a sequence of smaller trades, sometimes called child orders, which are then spread
out over a certain timeinterval. In recent years, there has been a strong trend toward
the application of e ectronic trading algorithmsto compute the size and schedul e of the
child orders. These algorithms are typically based on a market impact model, that is,
on a stochastic model for asset prices that takes into account the feedback effects of
trading strategies.

While standard financial market models assume that asset prices are given exoge-
nously, and thus result in a predominantly linear theory, market impact models allow
trading strategies to feed back on asset prices, which resultsin a predominantly nonlin-
ear theory. This makes market impact modeling a fascinating and rewarding research
subject from a mathematical point of view. Moreover, market impact models are often
used in practical applications and it would be desirable to gain a better understanding
of their behavior and their stability. From an economic perspective, market impact is
one of the basic mechanisms responsible for price formation, and so its analysis might
contribute to new insights on how financial markets function.

One of the earliest market impact model classes that has so far been proposed, and
which has also been widely used in the financial industry, is based on the discrete-time
model by Bertsimas & Lo [9] and Almgren & Chriss [6], [7] and its continuous-time
variant by Almgren [5]. We will call these models first-generation market impact
modelsin the sequel. They distinguish between the following two impact components.
The first component is temporary and only affects the individual trade that has also
triggered it. The second component is permanent and affects all current and future
trades equally. The unaffected price process is driven by the actions of noise traders
and therefore usually assumed to be a martingale.

The distinction between temporary and permanent price impact is reasonable as
long as the time between the individual child orders is sufficiently long. On a finer

*Support by Deutsche Forschungsgemeinschaft is gratefully acknowledged.
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time scale, one will realize that priceimpact isin fact not temporary but transient. That
is, achild order creates some immediate price impact that subsequently decays over a
certain, but often short, time span. That is, price impact isonly temporary and at least
apart of it disappears, often within just afew minutes. This resilience effect has been
well established in several empirical studies on market microstructure; see Bouchaud
[12] and Hasbrouck [31] for two recent surveyswith comprehensive lists of references.
Note that this decay of price impact is ultimately responsible for the fact that liquidity
costs can be reduced when splitting up large orders into smaller child orders. The
increase in trading frequency in modern electronic trading systems has thus led to a
development of a second generation of market impact models. In these models, the
decay of price impact is modeled explicitly. Among the first models of this type are
the model by Bouchaud, Gefen, Potters & Wyart [13] and the limit order book model
by Obizhaeva & Wang [37]. The former was extended and studied by Gatheral [25],
the latter by Alfonsi, Fruth & Schied [1], [2], Alfons & Schied [3], Alfonsi, Schied
& Slynko [4], Gatheral, Schied & Slynko [27], [28], and Predoiu, Shaikhet & Shreve
[38].

There are also other approachesin the literature for modeling the market impact of
alarge trader; werefer to [8], [19], [29], [39] and the references therein.

In this paper, we will first survey some results on the first-generation market impact
model by Almgren & Chriss [6], [7] and by Almgren [5]. Here we will focus on
the mathematical problem of finding optimal strategies for executing a given order
over a specified time horizon. We will see that this problem leads to a stochastic
control problem with fuel constraint. In presenting the mathematics of this problem
we will follow Schied & Schdneborn [40], Schied, Schdoneborn & Tehranchi [41],
and Schoneborn [42]. In the second part of this paper, we will focus on the effects
created by the transience of priceimpact. To thisend, we will consider alinear, second
generation model with general resilience. Wewill focusin particular on possible model
irregularities and the relations to potential theory. This second part is based on [4] and
on[28].

2 A first-generation market impact model

In this section, we consider the analysis of the optimal order execution problem for the
continuous-timeversion of the market impact model proposedin[5], [6],[7],[9]. Inthe
first subsection, we introduce the model and consider the problem of maximizing the
expectation or amean-variancefunctional of therevenues. Inthesubsequent subsection,
we discuss the problem of maximizing the expected utility of revenues.

2.1 The approach by Almgren and Chriss. In the Almgren—Chriss market impact
model it is assumed that the number of sharesin the trader’s portfolio is described by
an absolutely continuous trajectory ¢ — X;. Given thistrading trgjectory, the price at
which transactions occur is

Sy = S+ nX, 4+ y(X; — Xo),
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wheren and y are constantsand S? isthe unaffected stock price process. Theterm nX;
corresponds to the temporary or instantaneousimpact of trading X; dt sharesat time¢
and only affectsthis current order. Theterm y (X, — X,) corresponds to the permanent
price impact that has been accumulated by all transactions until time¢. The unaffected
stock price istaken as a Bachelier model,

S? = So + oW,

where W isastandard Brownianmation. Atfirstsight, it might seemto beashortcoming
of thismodel that it allowsfor negative values of the unaffected price process. Inreality,
however, even very large asset positions are typically liquidated within a few days or
hours. Hence negative prices occur only with negligible probability.

Let us now consider a trade execution strategy in which an initia long or short
position of xo sharesis liquidated by time T'. The asset position of the trader, X =
(Xt)o<t<T, thus satisfies the boundary condition Xy = x¢ and X7 = 0. Insuch a
strategy, — X, dt shares are sold at price S; at each time 7. Thus, the revenues arising
fromthe strategy X = (X;)o<:<1 &€

T
R(X) :=/ Si(=X,) dt
0
T . T . T .
=—/ S?X,dt—n/ thdt—y/ X X, dt —yx§
0 0 0

T T y
=xoSo+/ X,dStO—n/ XZdt — =x3.
0 0 2
The optimal trade execution problem consists in maximizing a certain objective
function, which may involve revenues and additional risk terms, over the class of
admissible trading strategies X with side conditions Xy = xo and X7 = 0. The
easiest case corresponds to maximizing the expected revenues,
% .
E[R(O)] = x080 — 2 x3 - r;]E[ / X2 dt].
0
In this case, which was first considered in [9] in adiscrete-time setting, asimple appli-
cation of Jensen’sinequality showsthat the unique optimal strategy X * ischaracterized
by having the constant trading rate

Xr=-22
T

regardless of the choice of the unaffected price process. When, asisusually assumedin
practice, timeis parameterized in volumetime, such aconstant trading rate corresponds
to aVWAP strategy, where VWAP stands for volume-weighted average price.

Almgren & Chriss [6], [7] were the first to point out that executing orders late in
the trading interval [0, T'] incurs volatility risk. They therefore suggested to maximize
amean-variance functional of the form

E[R(X)] - Zvar (R(X)). M
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wherew« isarisk-aversion parameter. For deterministic strategies X, the mean-variance
functional (1) becomes

% T ;
x0So — = x8 —/ (—JZX,2 + nth) dt.

2 0 \2
M ean-variance maximization over deterministic strategies is thus equivalent to mini-
mizing the action-type functiona jOT L(X,:, X;) dt where the Lagrangian L is given
by L(x, p) = 202x? + np?. Caculus of variations easily yields

2
sinhi (T —¢ . 2
X* = LI Uil ) SV il )
sinhkT 2n

as the unique minimizer under the side conditions Xy = xo and X7 = 0. When
strategies are not assumed to be deterministic, mean-variance optimization is more
involved. The main difficulty stems from the fact that the mean-variance functional
is not time consistent so that techniques from stochastic optimal control cannot be
applied directly. We refer to Lorenz & Almgren [34] and Forsyth [23]. Due to these
complications, it can make senseto consider alternative optimization criteriathan mean-
variance optimization. In the next section we will investigate the maximization of the
expected utility of revenues. Another risk criterion was recently suggested by Gatheral
& Schied [26].

2.2 Maximization of the expected utility of revenues. From an economic point of
view itisquitenatural to consider themaximization of theexpected utility, E[ u (R (X)) |,
whereu: R — R isanincreasing and strictly concave utility function (see, e.g., Chap-
ter 2 in Follmer & Schied [22]). This problem formulation has also the advantage
that it can be approached by stochastic optimal control. To see how this works, let us
parameterize our strategies X = (X;)o<:<7 by & 1= —X,. We then write

t
Xf::xo—/ Eods, 0<t<T. ©)
0

More precisely, we introduce the class X (xq, T') of al progressively measurable pro-
cesses (£ )o<i<r Suchthat [, £2dt < oo, [] & dt = xo,and X? () defined by (3)
isbounded uniformly in¢ and w by aconstant that may depend on &. We next introduce
the controlled diffusion process

t t
R§:=R0+o/ deBs—n/ £2ds, 0<t<T
0 0

The problem of maximizing the expected utility of revenues is then mathematically
equivalent to maximizing E[u(RET)] over £ € X(xo,T). Note that this is not an
entirely standard control problem becausethat theclass X (x¢, T') of admissiblecontrols
depends on the state variables xo and T'. Problems of this type are sometimes called
finite-fuel control problems.
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To derive heuristically the Hamilton—Jacobi—Bellman (HJB) equation for this prob-
lem, let
v(T.x0. Ro) :=  sup E[u(R})]
§€X (x0,T)

denote the corresponding value function. We would expect that for any £ € X (xo, T)
the process

VE = o(T -1, X5 RY)
is a supermartingale, and that it is a true martingale for an optimal strategy £. 1t6's
formulayields

1
dVf = ovrX} dB, — (vi — 507 (X})?vrr + nE VR + Ervx ) dr.

We thus expect that v should solve the partial differential equation (PDE)
1 .
v = EUZXZURR — slgx (n&%vg + Evx). (4)

This equation, however, does not yet take into account the fuel constraint on strategies.
This fuel constraint enters the problem through theinitial condition satisfied by v:

u(Rg) whenxy =0,
—00 otherwise.

li T, x0, Ro) = 5
T'??) v(T, xo, Ro) { ®)
Theintuition for the singular part of thisinitial condition isthe following. When there
isno time left (T = 0) for liquidating a nonzero asset position (xo # 0), then the
liquidation task has not been fulfilled, and this case should receive a penalty.

We have the following result from [41]:

— 2 . .
Theorem 2.1 ([41]). For u(x) = —e™** andx = % the value function is

v(T, xo, Rg) = —exp [—OIRO + xgna - Coth(KT)], (6)
and the unique maximizing strategy £* is given by the deterministic function

cosh(x (T — 1))
snh(xT)

Remark 2.2. (@) Onecan check easily that thefunctionin (6) solvesindeed the singular
initial value problem (4), (5).

(b) Note that the optimal strategy X¢" coincides with the mean-variance optimal
strategy (2). Thisisclear assoon asone knowsthat the optimal strategy isdeterministic,
because for a deterministic strategy the revenues are normally distributed, and so the
expected exponential utility is an exponential of the mean-variance functiona (1).

(c) Thefact that optimal strategiesfor exponential utility functions are deterministic
is not limited to the AlImgren—Chriss model. It is aso true for more general second-
generation market impact models; see [41].

& = xox
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For utility functions other than the exponentia utility function, the existence of
classical solutionsto the singular initial value problem (4), (5) isopen. But the problem
can be simplified by allowing for an infinite time horizon. To set up the corresponding
problem, let X denote the class of all progressively measurable processes & such that
fot £2ds < oo for al r > 0 and such that Xf(a)) is bounded uniformly in ¢ and w
by a constant that may depend on £. Let Xy be the subclass of all £ € X for which
Rf converges to a limit Rf,o ast 1 oo. Then one possible problem formulation is
to maximize the expected utility IE[u(Rio)] over £ € X. The corresponding value
function is denoted by

vo(x0, Ro) 1= sup E[u(RE)]. 7
£eXo

Alternatively, we can consider the value function

v1(x0. Ro) := sup lim E[u(R)]. ©)
geX t1oo

The existence of the limit in (8) follows from Jensen’s inequality and the fact that R‘f
satisfies the supermartingale inequality E[ Rf | F5] < Rf for s < r (even though it
may fail to be a supermartingale due to the possible lack of integrability). Neither in
(7) nor in (8) do we need to require that strategies ¢ € X liquidate the asset position
X in the sense that Xf — 0 ast 1 co. Intuitively, thisis dueto the fact that expected
utility discourages the possession of positionsin an asset whose price processfollowsa
martingale, so that we can expect that every optimal strategy will automatically satisfy
Xf — 0. Thiswill indeed come out of our analysis.

In both cases, (7) and (8), the corresponding value function should become inde-
pendent of time, and one can expect that it solves the PDE

_ 1 2y2 i 2
0= 20 X VURR ;2]11; (né VR +§Ux). 9
Theinitia condition (5) becomes

v(0, Ro) = u(Ro). (10)

It thus seems that the variable x, can take over the role of “time” for the problem (9),
(10). The reduced form of (9), however, is

v)2( = —27702X2vR - URR,

which is afully nonlinear equation in all derivatives of v and hence not solvablein a
straightforward manner.

The ordinary approach to solving stochastic control problems by means of PDEsis
to obtain first a solution of the PDE in question and then to define a Markovian control
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policy as the optimizer of the nonlinear term in the HIB equation. In our case, this
Markovian control policy would be

vx (X0, Ro)

_— 11
2nvR(xo, Ro) (1)

&(xo, Ro) = argémin {nE*vr(x0. Ro) + Evx(x0. Ro)} = —
when v is a sufficiently smooth solution. The optimality of the resulting strategy will
then have to be shown by a verification argument.

In our case, however, the existence of smooth solutions to the problem (9), (10) is
unclear. We therefore proceed, as it were, by reversing the above steps. The idea is
to determine first the Markovian policy § by means of another PDE and then use § to
define afunction v as the solution of the linear transport equation

vy + 277ng =0,

which isequivalent to (11). Due to degeneracies in our equations, we actually need to
modify thisidea through working with the following transformed function:

E(VY, Ro)
VY
Assuming that v isasufficiently smooth solution of (9), (10) one computes that E when

defined through (12) and (11), should solve the following nonlinear parabolic initial
value problem:

E(Y,Ro) := (12)

~ o2~ 3 ~ ~
Ey = 4_§SRR —5nE &R,
13
~ 02A(R)
5(0’ R) = 2 ’
n
where A(R) = —u”(R)/u’(R) denotes the coefficient of absolute risk aversion of our

utility function. The following result is taken from [40].

Theorem 2.3 ([40]). Suppose that u belongsto C© and that its absolute risk aversion
satisfies Amin < A(R) < Amax for two constants 0 < Apin < Amax < oo. Then:

(& Theinitial value problem (13) admits unique classical sol ut|on§ € C?* sth.

/0 Amm E(Y R) < [0'2Amax.

(b) Thetransport equation
Uy = —nEUR,
U(0, R) = u(R),

admits a unique C2**-solution 7.
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(c) The function v(xo, R) := ¥(xZ, Ro) is a classical C?*-solution of the HIB
equation (9), (10), and & defined by & (xo, Ro) := xo&(x2, R) satisfies (11).
(d) The function v is equal to both value functions vy and v, defined in (7) and (8).

Moreover, the a.s. unique optimal control policy £* € X for both optimization
problemsis given in feedback form by

* ~ * * UX * *
§ =8OR = =5 (X R, (14)
It belongs to X, and we have

v(xo, Ro) = lim E[u(R; )] = E[u(RE)].

The preceding theorem implies the following corollary.

Corollary 2.4 ([40]). If u(R) = —e ™R then
Xf* = Xo exp(—«t).
Proof. When u isof exponential type the corresponding absol ute risk aversion satisfies
A(R) = « for dl R. Hence we can take Amin = Amex = o in (1) and obtain
&(x0, Ro) = xok, which givesthe result via (14). O
So we find again that, in the case of exponential utility, optimal strategies are
deterministic. The next theorem shows that the general principle behind this result is

that optimal strategies inherit the monotonicity properties of the absolute risk aversion
of u.

Theorem 2.5 ([40]). Let u! and u° be two utility functions satisfying the assumptions
of Theorem 2.3. When the corresponding respective coefficients of risk aversion satisfy
A' > A° then the respective optimal strategies inherit this monotonicity relation, i.e.,

£l > g0,

Idea of proof. The function g := ! — £° solves

1
8Y = SA8RR +bgr + Vg,

where

02

a = —=,
280
The boundary condition of g is

g(O’R):\/OZAl(R)_\/azAO(R)ZO.
2n 2n

02§}QR 3

_ 3 £1 _ <0
b= 2”5 ’ and V= 450'51 ZUER

Therefore the maximum principle or a Feynman—Kac argument together with appro-
priate localization give the result; see [40] for details. O
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Corollary 2.6 ([40]). The optimal strategy §(X , R) is nondecreasing (nonincreasing)
in R iff A(R) isnondecreasing (nonincreasing).

Proof. When A(R) isnondecreasing, consider the utility functionsu®(R) := u(R) and
u'(R) := u(R + 8), where § > 0 isfixed. Thus, the result follows from Theorem 2.5.
O

It is possible to derive further qualitative properties of optimal strategies. For
instance, it isfairly surprising that § is not necessarily nonincreasing as afunction of n
or nondecreasing as a function of theinitia portfolio xo. We refer to [40] for details.

Additional surprising features and interesting mathematical problems arise when
one considers an extended market model with d risky assets. In this case, the “time”
parameter X becomes a vector in R?, and so the value function satisfies a“parabolic”
PDE with a d-dimensional “time” parameter. We refer to Chapter 5 in Schoneborn
[42] for adetailed analysis of this multi-asset situation and for many other interesting
results.

Another important generalization of our setting is the extension to the case of sev-
eral large traders who are competing in a single market. Such extensions were first
considered by Brunnermeier & Pedersen [14] and Carlin, Lobo & Viswanathan [16].
Schéneborn & Schied [43] show that the qualitative behavior of the competitors of a
large seller depends crucially on the ratio y/n of the permanent and temporary price
impact components. When this ratio is large, the market has a plastic behavior with
respect to price impact since the permanent impact component dominates. When the
ratio is small, the market behavior can be qualified as elastic. Schdneborn & Schied
[43] show in particular that competitors tend to engage in predatory trading in plastic
market environments. That is, the competitors shorten the asset when prices are still
high and buy back when the seller has depressed asset prices just before completing
the order execution. This behavior is“predatory”, becauseit increases the seller's exe-
cution costs. In elastic markets, on the other hand, competitors tend to act asliquidity
providersby building up long positions, buy sharesoffered by the seller, and thusallevi-
atethe seller’sexecution costs. All these results assume aperfect information structure.
A modédl with imperfect information is developed in Moallemi, Park & van Roy [35].

3 Second-generation market impact models

In this section we present results from [4] and [28]. In the first subsection we discuss
the discrete-time model of [4], which builds on earlier models [13], [37], [1], [2], [3].
[25]. In Subsection 3.2 we will analyze the continuous-time extension of thismodel in
[28] and in particular highlight its connections with potential theory. Throughout this
section, we will focus on second-generation market impact modelswith linear impact.
Models with nonlinear impact are considered in [13], [2], [3], [25]. See[27] for a
discussion of the relations between these models.
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3.1 Transient price impact in discrete time. The results in this section are taken
from [4], and we refer to this paper for all details and proofs. Let us first introduce
the following market impact model for a trader who can move asset prices. Aslong
as this trader is not active, asset prices are determined by the actions of the other
market participants and are described by a process S?, 1 > 0, which is assumed to be
arightcontinuous martingale on a given filtered probability space (2, ¥, (#;), P) for
which %o isP-trivial. (S?) will again be called the unaffected price process. A strategy
& consists of a sequence &;,.&;,,...,&;, Of trades by which this trader purchases or
liquidates a portfolio of a given number of shares. We thus assume that

N
Z ézn = Xo,
n=0

where xo > 0 correspondsto abuy program and xy < 0 correspondsto asell program.
A strategy with xo = 0 iscalled around trip.

Theorder §,, isplaced attimer,, wheret,, belongstoagivenset T := {t9, t1,...,tN}
of trading timessuchthat 0 <ty < t; < -+ < ty < oo. We assume moreover that
each &, isbounded from below and measurable with respect to ¥;, . The set of al such
strategiesisdenoted by E (xg, T). Both x¢ and T will be allowed to vary in the sequel.

When the strategy & = (§4,,&;,.....&:,) iSapplied, the price at time ¢ is defined
as

St =S80+ £,Gt —tn),

th<t

where G : [0,00) — [0,00) is a bounded function, the resilience function. Thus,
&:, G(0) denotestheimmediate price impact of the order &,,, . After atime span Az, this
initial impact decays' to &;, G(At). This description of market impact thus comprises
thefollowing threetypes of priceimpact, theinstantaneousimpact &;, (G(0) — G (0+)),
the permanent impact £;,G(oc), where G(oo) := lim;4 G(2), and the transient
impact &, (G(0+) — G(00)).

Let us now define the expected execution costs of astrategy & € & (xq, T). When
the trade &;, is executed, the price is moved from S;, to S;,+ = S, + &,G(0).
Intuitively, this linear price impact corresponds to a constant supply curve for which
G(0)~! dy buy or sell orders are available at each price y, with y ranging from S, to
S, asshownin Figure 1. Thetrade &, isthus carried out at the following average
Cost:

G0 d L (52 52
) = [ 0O dy = o (S = 52).

n

This quantity is positive for buy orders &, > 0 and negative for sell orders &, < 0
(at least as long as prices stay positive). It can thus also be regarded as the cost of the
trade&,,. The expected execution costs of the strategy & = (&,. &,. .. ., &, ) arenow

1The economic intuition is that G(¢) should be a nonincreasing function of ¢. For the mathematical
problem formulation, however, such arestriction is not necessary.
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density of
limit orders

& = gy St+ — S1)

S Si+ = S + G(0), price

Q)
~|=
=)
N

Figure 1. For asupply curve with aconstant density ﬁ of limit sell orders, the priceis shifted
from S; to S;+ = S; + G(0)&; when amarket buy order of size ¢, > 0 is executed.

defined as the expected cumul ative costs of al tradesin this strategy, i.e.,

N

N
B X e)] = g EL L5t -]

n=0

Using the martingale property of S°, one easily checks that the expected execution
costsof astrategy & = (§4,.&s,.-... &) € B(xo. T) aregiven by

N
E[ Y )] = xS +ElCr®)],

n=0

where Ct isthe quadratic form defined as

N
1
Cr(y):=5 Y Gt =),y =(o.....yn) €RVFL
i,j=0

Thisresult hasthefollowing significance. Supposethat y* € RY+! minimizesCr (y)
intheclassof y € R¥ ! with y 71 = xo, where1 = (1,...,1) € R¥*1, Thenthe
deterministic strategy £* := y* minimizes the expected trade execution costs over all
strategiesin E(xg, T'). Clearly, such aminimizer y* existsas soonas Ct(y) > 0 for
al y. But the situation in which Ct(y) > 0 holdsfor al y and T iswell known. It
is tantamount to requiring that the function G(| - |) is positive definite in the sense of
Bochner [11]. Wheneven Cr(y) > Oforal T and y # 0, then G we will say that G
is strictly positive definite.

Bochner’s celebrated theorem characterizes precisely those functions G that are
positive definite within the class of continuous functions: A continuous function G is
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positive definite if and only if the function x — G(|x|) is the Fourier transform of a
positive finite Borel measure it on R, i.e.,

G(x]) = /eixzu(dz), x € R.

It is not difficult to show that G is even strictly positive definite as soon as the support
of wu isnot discrete.

Thefollowing result givesasufficient criterion when afunction G isstrictly positive
definite. Its weak form asserting that every nonincreasing convex function G > 0 is
positive definite can be derived from the results by Carathéodory [15], Toeplitz [44],
and Young [45], but was re-discovered many times.

Proposition 3.1. Iftheresiliencefunction G isconvex, nonincreasing and nonconstant,
then it is strictly positive definite.

Remark 3.2. Animportant question concerns the viability of a market impact model.
For a standard asset pricing model, viability can be characterized in terms of the ab-
sence of arbitrage opportunities, which is essentially equivalent to the existence of
an equivalent martingale measure. In a market impact model, the existence of such
small-investor arbitrage is usually guaranteed by assuming martingale dynamics for
the unaffected stock price process S°. Huberman & Stanzl [32], however, were among
the first to point out that there can be additional irregularities for large investors. They
identified in particular the so-called price manipulation strategies. These are round
trips (i.e., admissible strategies with xo = 0) with strictly negative execution costs.
When suitable rescaled and repeated, such price manipulation strategies can lead to a
weak form of arbitrage. Moreover, they can prevent the existence of optimal execution
strategies. For thesereasons, model sthat admit price manipulation should be deemed as
non-viable. We will seelater that it is not sufficient just to exclude price manipulation.
There can be other types of irregularities as well. &

Let us consider afew examples of strictly positive definite resilience functions and
have alook at the corresponding optimal strategies.

Example 3.3 (Exponential resilience). Exponential resilience correspondsto the choice
of theresiliencefunction G(r) = e~** with p > 0 G isclearly strictly positive definite.
In fact, the optimal strategy &* is explicitly known for an arbitrary time grid T'; see
[1]. Figure 2 shows the optimal strategy for various values of N. When N 1 oo,
the strategies with equidistant time grids converge to a continuous-time strategy with
two identical block trades at the beginning and end of trading and a continuous VWAP
(Volume-Weighted Average Price) strategy in between, as shown in Example 3.15
below. <&

Example 3.4. Theresilience function

e(e — cost)

G@t) =
@ 1+ e2 —2ecost
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Figure 2. Optimal strategies for exponential resilience G(t) = e~*. Horizontal axes correspond
to time, vertical axes to trade size. We chose xo = 10, T = 10, the equidistant time grid,
ti =iT/N,for N =8, 25, 50, and randomly spaced trading timesfor N = 50.

is positive definite as the Fourier transform of purely discrete measure
1 o0
— —k
m=3 kz—oe (8k + 6—k)-

Corresponding optimal trading strategies are given in Figure 3. <&

Example 3.5 (Permanent price impact). The constant resilience function G(¢) = 1 is
positive definite as the Fourier transform of the measure u = §y. In this case, every
strategy & in E(xg, T) isoptimal and satisfies€ (&) = x¢So + %xé. &

Example 3.6 (Capped linear resilience). The linear resilience function G(t) = (1 —
pt)t is gtrictly positive definite for p > 0. For p < 1/T the optimal strategy is
independent of the underlying time grid: it consists of two symmetric trades of size
xo/2at =0andt = T, dl other trades are zero. The case when p > 1/T with
o =k/T wherek € N divides N and an equidistant grid of N + 1 trading dates, the
optimal strategy consistsof k + 1 equidistant trades of equal size; see[4], Proposition 7.

&
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Figure 3. Optimal strategies for the resilience function G(¢) = % Horizontal axes
correspond to time, vertical axesto trade size. We chose xo = 10, T = 10, and the equidistant

timegrid, t; =iT/N,for N = 10, 25, 35, 55.

Example 3.7 (Power-law resilience). Several empirical studies have found that market
impact decays with a power law function of the form G(¢) = n(1 + Ar)~7 for some
n, y, A > 0. For instance, [13] find avalue of y ~ 0.4. See also [25] for additiona
arguments and references. By Proposition 3.1, G is strictly positive definite for all
valuesof 1, y, A > 0. As can be seen in Figure 4 the corresponding optimal strategies
behave in avery regular manner, even for randomly chosen trading times. &

Example 3.7 shows that optimal strategies are well-behaved when we take, for
instance, the resilience function

1
(1+16)%

Thepicturecan changedramatically, however, whentaking aslightly different definition
of power-law decay asin the next example.

G(t) =

Example 3.8 (Alternative definition of power-law resilience). The resilience function

G(t) =

1412
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Figure 4. Optimal strategies for power-law resilience G(t) = (1 + t)~94 and various values of
N . Horizontal axes correspond to time, vertical axesto trade size. We chose xo = 10, T = 10,
and the equidistant time grid, t; = iT/N,for N = 10, 15, 20. For N = 25 we use randomly
chosen trading times.

is the Fourier transform of the measure u(dx) = 1e™*ldx and thus strictly positive
definite. Figure 5 shows, however, that the optimal strategies oscillate stronger and
stronger between positive and negative trades as the time grid becomes finer and finer.
For N = 120, several individual child orders are of the order 20.000, while the total
order sizeisjust xo = 10. &

Also the next example shows that the phenomenon of alternating trade signsin the
optimal strategy can actually become quite dramatic.

Example 3.9 (Gaussian resilience). The Gaussian resilience function G(r) = et
is, modulo constants, its own Fourier transform. Hence it is strictly positive definite.
Figure 6 shows, however, that for increasing N the optimal strategy starts oscillating
stronger and stronger between positive and negative trades. <&

The strong oscillations found in the preceding two examples must be regarded as
model irregularities, and market impact models that admit such an alternation between
sell and buy trades cannot be regarded as viable and need to be excluded. It shows
moreover that there can be irregularities in market impact models even when there are
no price manipulation strategies in the sense explained in Remark 3.2, because both
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Figure 5. Optimal strategies for the resilience functions G(r) = 1/(1 + )2 (left column) and
G(t) = 1/(1 + t?) (right column), with equidistant trading dates. Horizontal axes correspond
to time, vertical axes to trade size. We chose xo = 10, T = 10, and the equidistant time grid,
ti =iT/N,for N =10, 25, 40, 120. Notethe dramatic increase of the size of individual trades
as N becomes larger, in case of resilience function G(¢) = 1/(1 + 2).

resilience functions G(1) := 7 and G(1) = e~'? are drictly positive definite. The

oscillations observed in Examples 3.8 and 3.9 thus motivate the following definition.

Definition 3.10 ([4]). A market impact model admits transaction-triggered price ma-
nipulation if the expected trade execution costs of asell (buy) program can be decreased
by intermediate buy (sell) trades. More precisely, in our setting, the model admits
transaction-triggered price manipulation if there exists xo # 0, atimegrid T, and a
vector z € RV*! suchthat zT1 = x, and

Cr(z) <min{Ct(y)|y 1 = xo and al components of y have the same sign}.

Itisnot difficult to show that the absence of transaction-triggered price manipulation
implies the absence of price manipulation strategies
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Figure 6. Optimal strategies for Gaussian resilience G(t) = e~'”. Horizontal axes correspond
to time, vertical axes to trade size. We chose xo = 10, T = 10, and the equidistant time grid,
t;i =iT/N,for N =38, 14, 22, 27.

Our goa is now to formulate conditions on a positive definite resilience function
that guarantee that all components of an optimal strategy y* have the same sign. Itis
interesting to note that this problem is closely related to the positive portfolio problem,
which consists in characterizing the absence of short sales in a Markowitz portfolio.
Thisisawell-known problem in finance and aims at guaranteeing the nonnegativity of
the minimizer in the following problem:

minimize y "My —m "y under theconstraintthat y "1 = x, (15)

where M is a covariance matrix of assets and m is the vector of (expected) returns.
The positive portfolio problem has received considerable attention in finance but only
relatively few results have been obtained to date; see Green [30], Nielsen [36], Best
& Grauer [10], and the references therein. In our situation, M;; = G(|t; —t;|) isa
covariance matrix as soon as G is positive definite, and so our problem of minimizing
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Cr(y) with constraint y T1 = x¢ isaspecia case of (15). The following result can
therefore also be understood as a contribution to the positive portfolio problem.

Theorem 3.11 ([4]). For aconvex, nonincreasing, and nonconstant resilience function
G thereare no transaction-triggered price manipulation strategies. If G iseven strictly
convex, then all trades in an optimal trade execution strategy are strictly positive for a
buy program and strictly negative for a sell program.

Thereis also the following partial converse to the preceding theorem. It appliesin
particular to strictly positive definite resilience functions that are strictly concave in a
neighborhood of zero such as

Golt) = e, Gi(t) :=

27
1 — cospt L sin pt (16)
ST o Ga(r) =14 2P

Gy(t) =2 ,
2(1) > t

Proposition 3.12 ([4]). Supposethat G is strictly positive definite and nonincreasing
and

thereares, t > 0,5 # t,suchthat G(0) — G(s) < G(t) — G(t + 5).
Then the model admits transaction-triggered price manipulation strategies.
3.2 Transient priceimpact in continuoustime. Based on the paper [28], to which
werefer for al detailsand proofs, we now extend themodel of Section 3.1 to continuous
time. To thisend, we assume again that (S?) isarightcontinuous martingale defined on
agiven filtered probability space (2, ¥, (¥;), IP) satisfying the usual conditions. We
also assumethat ¥ isP-trivial. A strategy will now be astochastic process X = (X;)

that describes the number of shares held by the trader at each time ¢t > 0. It will be
called an admissible strategy if

« thefunction — X; isleftcontinuous and adapted;
» thefunctiont — X; hasfinite and P-a.s. bounded total variation;
* thereexists T > 0 suchthat X; = 0 P-as.foral ¢ > T.

When the admissible strategy X is applied, the price at time ¢ is defined by
S, =8? +/ G(t —s)dXy,
{s<t}

whereG : (0, 00) — [0, co) isameasurablefunction, theresiliencefunction introduced
in previous sections. We assume first that

G isbounded and G(0) := Iiw G(t) exigts. 17
t
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The assumption (17) will be relaxed later so as to include weakly singular resilience
functionssuchasG(r) =tV for0 <y < 1.

Following and extending the discussion presented in Section 3.1, one can deduce
that the expected costs of an admissible strategy X are given by

— XS0 + %E[t’(}()], (18)

where
€(X):= [/ G(t —s|)dXsdX;.

Asbefore, price manipulationinthe sense of [32] can beexcluded assoonas€(X) > 0
for al admissible strategies. This latter property can be characterized by the following
straightforward extension of Bochner’s theorem.

Proposition 3.13 ([28]). For a continuous resilience function satisfying assumption
(17), we have €(X) > 0 for all admissible strategies X if and only if G(| - |) can be
represented as the Fourier transform of a positive finite Borel measure 1 on R, i.e,
G(|x]) = feixz u(dz). If,inaddition, the support of 1 isnot discrete, then € (X) > 0
for every nonzero admissible strategy X .

Let us turn to the optimal trade execution problem, which consists in minimizing
the expected costs for strategies liquidating a given long or short position of x, shares
within a given time frame. It is clear that this problem is not well-defined as soon as
the model admits price manipulation strategies. We will therefore assume from now
on that the resilience function G is positive definite. In contrast to the discrete-time
case, however, thisrequirement alonewill not be sufficient to guarantee the existence of
optimal strategies; see Theorem 3.18 below. It follows from (18) that every admissible
strategy that minimizes the expected execution costs must have sample pathsin the set
of minimizers of €(-) within the class

X (xo. T) := {X | deterministic strategy with Xo = xo and support in T }.

It is hence enough to study the minimization of € (-) over the deterministic strategiesin
X (x9, T). In particular, there will be at most one optimal strategy when G is strictly
positive definite.

Our first resultisaclassical first-order condition characterizing optimal strategiesas
measure-val ued solutions to generalized Fredholm integral equations of the first kind.

Proposition 3.14 ([28]). Suppose that G is positive definite. Then X* € X (xp, T)
minimizes €(-) over X (xo, T) if and only if there is a constant A € R such that X*
solves the generalized Fredholm integral equation

/G(|t —s))dX; =2 foralreT. (19)

In thiscase €(X*) = Axo. In particular, L must be nonzero as soon as G is strictly
positive definite and x # 0.
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To illustrate the application of Proposition 3.14 let us discuss the following exam-
ples.

Example 3.15 (Exponential resilience). Consider the case of exponentia resilience,
G(t) = e *'. We have seen above that the function G is strictly positive definite. The
unique optimal trade execution strategy in X (xo, [0, T']) is given by

dx; = 20
pT +2

(80(ds) + pds + 87 (ds)).

This result was obtained in [37] using optimal control techniques, but it can also be
proved very easily by simply checking that X * solvesthe generalized Fredholmintegral
equation in Proposition 3.14; see [28]. &

Example3.16 (Cappedlinear resilience). AsinExample 3.6, weconsider theresilience
function G(t) = (1 — pt)* forsomep > 0and T = [0,T]. For p < 1/T, itiseasy
to verify that the strategy X * that consists of two equal block trades of size —x(/2 at
t = 0andr = T and no trading in between sati sfies the generalized Fredholm equation
(19) and hence is the unique optimal strategy. Similarly, when p = N/ T for some
N € N, then one shows that there is a unique optimal strategy X *, which consists
of N + 1 equidistant equal block trades of size —x /(N + 1) at timest, := kT/N,
k=0,1,...,N. Alsoin the general case, the unique optimal strategy corresponds to
apurely discrete measure which can be given in explicit form; see [28] for details. An
illustration isgivenin Figure 7. &

Figure 7. Optimal strategy for the capped linear resilience G(r) = (1 — )T, with xg = —10,
T =5.15and N = 5. Horizontal axes correspond to time, vertical axesto trade size.

We now turn to the question of existence or nonexistence of optimal strategies.

Example 3.17 (Gaussian resilience). Let us consider the Gaussian resilience function
G(t) = e andset T = [0, T']. Clearly, G isstrictly positive definite. Nevertheless,
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it was aready observed in Example 3.9 that for this resilience function optimal exe-
cution strategies in discrete time show dramatic oscillations when the grid of trading
times becomes more refined. This divergence of the discrete-time optimal strategies
is reflected by the fact that in continuous time optimal execution strategies exist only
for the trivial case xo = 0. To prove this, suppose by the way of contradiction that
X* € X(x0,T) isan optima strategy, with xo # 0. Then it would be a solution
of the Fredholm integral equation (19) for some A # 0. Let us consider the function
h(t) = Jio.1 e==9 4x* for 1 € R. Itisnot hard to show that /(r) isanalyticin 7.
Hence, h cannot be equal to A on [0, T'] unlessit is constant on the entirereal line. But
this contradicts the fact that (1) — 0 as |t| — oco. Therefore X* cannot exist. <&

Hereisagenera criterion that extendsthe argument givenin the preceding example.
It appliesin particular to the resilience functions listed in (16).

Theorem 3.18 ([28]). Supposethat G(|-|) can berepresented asthe Fourier transform
of a finite positive Borel measure u for which

/e‘”C u(dx) < oo for somee > 0.

Suppose furthermore that the support of w is not discrete. Then there are no optimal
strategiesin X (xg, T) when xo # 0 and T is not discrete.

Now let us state our main result on existence, uniqueness and monotonicity of
optimal strategies for the case of resilience functions satisfying the assumption (17).

Theorem 3.19 ([28]). Let G beanonconstant nonincreasing convex resiliencefunction
satisfying assumption (17). Then there exists a unique optimal strategy X * within each
class X (xo. T'), for given xo and T. Moreover, X" isamonotonefunctionof . That s,
there is no transaction-triggered price manipulation in the considered market impact
model.

The preceding result is based on and extends Theorem 3.11. The idea behind
it is to use a discrete-time approximation by means of a sequence of discrete sets
T, c T, C---CT. Oneachset T, we can apply Theorem 3.11 and obtain a unique
optimal strategy X", which is a monotone step function. The measures ;—;dX " are
probability measures on the compact set T and hence a subsequence converges weakly
toaprobability measureon T, which in turn correspondsto astrategy X * in X (xq, T).
Onefinally checksthat X* is optimal.

Next, let usrelax the assumption (17) and allow theresilience function G to havea
(weak) singularity at t = 0. More precisely, let us assume that

G: (0,00) — [0,00) isnonconstant, nonincreasing, Convex,

N (20)
and Sa[ISerS/ G(t)dt < oo.
0



174 A. Schied and A. Slynko

Under assumption (20), the earlier definition of the price at time ¢ as
S, =S+ / G(t —s)dX; (21)
{s<t}

is no longer possible for every admissible strategy X. In particular, X must be con-
tinuous for (21) to make sense when G(0+) = +oo. We therefore call an admissible
strategy X G-admissible when its the total variation process | X | satisfies

f[ G(|t —s))d|X|sd|X]|; < co.

We denote by X (xo, T) the class of all G-admissible strategies in X (xo, T). For
X € Xg(xo, T) we define as before

€(X) = // G(|t — s|) dX; dX;.

We have the following result.

Proposition 3.20 ([28]). Let G be a resilience functions satisfying (20). Then there
exists a nonnegative Radon measure 1 on R such that

e(x) = [ R pdz). (22)

where X (z) = [ ¢!'* dX, for any G-admissible X .

Idea of proof. We first note that there exists a nonnegative Radon measure n such that
G can be written as

G(t) = G(oo—) +/

(0,00

)(y —0)* n(dy).

Then one defines the function

1 1 —cosxy
o) = & / 1008 )
T (0,oo) X

and checks that (22) holds for
n(dx) = G(oo—)dp(dx) + p(x) dx. O

Let us now consider the existence of optimal strategies in Xg(xo, T). A first
observation is that optimal strategies will not exist if, for instance, T is a discrete
set, because then X (xo, T) isempty unless G is bounded. Otherwise, we have the
following extension of Theorem 3.19.

Theorem 3.21([28]). Supposethat assumption (20) holdsandthattheset X (xo, T) is
not empty. Thenthereexistsauniqueoptimal strategy X * in X' (xo, T'). Moreover, X
isamonotonefunction of ¢, and so thereisno transaction-triggered price manipulation.
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The proof of the preceding theorem relies on approximating the weakly singular
resilience function by bounded convex resilience functions G,,. To these functions
we then apply Theorem 3.19 and use a similar convergence argument as sketched
subsequently to Theorem 3.19.

Definition 3.22. A set A C R will be called exceptional when there exists a Borel
set B D A that isanullset for every positive finite Borel measure v on R for which
[ Gt —s|)v(ds) v(dt) < co. Wewill say that a property holds quasi everywhere
when it holds outside an exceptional set.

With this terminology, which is borrowed from potentia theory, we can now inves-
tigate in which sense we can still define a price process via (21).

Proposition 3.23 ([28]). For any G-admissible strategy X, f{s<t} G(t —s)dXs, and
hence the price process S; in (21), isfinite for quasi every r > 0.

Now we state a variant of Proposition 3.14, which holds under assumption (20).

Proposition 3.24 ([28]). Astrategy X* € X (xo, T) isoptimal if and only if thereis
a constant A such that X * solves the generalized Fredholm integral equation

/G(|t —s))dX; =1 forquasieveryr e T.

Moreover, A must be nonzero as soon as xg # 0.

Already in Definition 3.22 it became apparent that there is a close relation between
classical potential theory and our theory of market impact. This relation stems from
the fact that our cost functional € (-) isjust equal to the Cartan energy of ameasure u,
namely to

Ey) = / [ Glt — s]) p(ds) pu(do).

Here we assume that 1 belongsto the set M (G, T') of al signed Borel measures with
support in the compact set T and whose total variation || satisfies

/ / Gt — s|) |l (ds) |l (1) < oo.

Clearly, every u in M(G, T) can be identified with a unique strategy within the class
Xag(—u(T), T). We aso introduce the following three sets of measures. the set
MT (G, T) of al positiveBorel measuresin M (G, T); theset M, (G, T) of all measures
win M(G, T) with u(T) = 1; theset M{ (G, T) = M (G, T) N My(G,T).

One of the goals of potential theory consistsin finding and characterizing a capac-
itary distribution for a given compact T. Thisissimply aminimizer u* of the energy
E () within the class MT(G, T); see, eg., Cartan [17], [18], Choquet [20], Fuglede
[24], and Landkof [33]. Note that here the minimization is constrained to positive
measures from the beginning. Usually the existence of w* is proved by a Cartan-type
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theorem that asserts the completeness of the set M (G, T) with respect to the norm
Il := VE(u); see, eg., [33], Chapter |, § 4.

The results on market impact models as stated in this section compare as follows
to these older results on capacitary distributions in the special case when G isasin
(20). First, Theorems 3.19 and 3.21 present a new method to show the existence
and uniqueness of capacitary distribution for al convex nonincreasing functionsG > 0
without using aCartan-typetheorem. Second, in our method, the capacitary distribution
is not obtained as a minimizer within the class (MT(G, T), but within the larger class
of signed measures M (G, T'). Asaconsequence, the capacitary distribution u* isthe
solution of an unconstrained optimization problem. This allows its characterization in
terms of the simplefirst order condition

G,+(t) =1 quas everywhereon T,

where
Gut) = [ Gl = 5D u(as)

Constrained optimization over positive measures, however, only leads to the “Kuhn—
Tucker-type” conditions

G,+(t) > 1 quas everywhereon T,
Gu(t)=1 p*-aeonT;

see, e.g., Donogue [21], p. 302.
The capacity of acompact set T C [0, oco) isusually defined by one of thefollowing
two alternatives:

cap(r) = inf / / G(It—SI)M(dS)/L(dt))_l

neMt(G,T)
or
Cap (T) = sup{(T) | € MT(G, T), G, < 1quas everywhereon T }.
Our results yield a simple proof of the following result.
Proposition 3.25. Let the function G satisfy (20). Then
Cap(T) = Cap(T).
for all compact sets T C [0, 00).

Proof. We start with proving theinequality “<”. Let u* be aminimizer of the energy
functional E(w) in er(G, T). Then, by Theorem 3.21, p* is aso a minimizer in
M1(G, T) and so

G+(t) = A quasi everywhereon T for some A € R
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by Proposition 3.24. Therefore Cap (T) = % On the other hand, the measure % u*
satisfies G%M* < 1 quasi everywhereon T and thisimplies that

_ 1 1
Cap(T) = 7 w*(T) = 7 = Cap(T).
Now we prove the inequality “ >". To this end suppose that the measure v €

M (G, T) issuch that G, < 1 quasi everywhereon T. Then, for ¢ := u(T), the
measure /i := Lpisin M (G, T) and so

1
[[ 6t =shaws aan = [ 6aoawn < -

Hence
1
= inf /fG t —s|)v(ds)v(dt
S~ s (1t — s]) v(ds) v(dt)
~ ~ 1
< [[ 6t =shaas) auan < .
i.e, ¢ < Cap(T). Taking the supremum over u gives the result. O
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The self-avoiding walk: A brief survey

Gordon Slade*

1 Sdlf-avoiding walks

This article provides an overview of the critical behaviour of the self-avoiding walk
model on Z4, and in particular discusses how this behaviour differs as the dimension
d is varied. The books [29], [40] are general references for the model. Our emphasis
will be on dimensions d = 4 and d > 5, where results have been obtained using the
renormalisation group and the lace expansion, respectively.

An n-step self-avoiding walk fromx € Z9toy € Z¢ isamapw: {0, 1,...,n} —
72 with: w(0) = x, w(n) = y, lw@i + 1) — w(i)] = 1 (Euclidean norm), and
w(i) # w(j) forall i % j. The last of these conditions is what makes the walk self-
avoiding, and the second last restricts our attention to walks taking nearest-neighbour
steps.

Letd > 1. Let S,(x) be the set of n-step self-avoiding walks on Z¢ from 0 to x.
Let S, = UyezaSa(x). Letcy(x) = |Sx(x)], and let ¢, = D" cpa cn(x) = |Sn]. We
declare all walks in S, to be equally likely: each has probability ¢, !. See Figure 1.
We write E,, for expectation with respect to this uniform measure on S,,.

What it isnot:

« Itis not the so-called “true” or “myopic” self-avoiding walk, i.e., the stochastic process
which at each step looks at its neighbours and chooses uniformly from those visited
least often in the past — the two models have different critical behaviour (see [28], [50]
for recent progress on the “true” self-avoiding walk).

« It is by no means Markovian.

« It is not a stochastic process: the uniform measures on §, do not form a consistent
family.

2 Motivations

There are several motivations for studying the self-avoiding walk.

It provides an interesting and difficult problem in enumerative combinatorics: the
determination of the probability of a walk in S,, requires the determination of ¢,,. It is
also a challenging problem in probability, one that has proved resistant to the standard
methods that have been successful for stochastic processes.

In addition, it is a fundamental example in the theory of critical phenomena in
equilibrium statistical mechanics, and in particular is formally the N — 0 limit of the
N -vector model [15]. Finally, it is the standard model in polymer science of long chain

*Research supported in part by NSERC of Canada.
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Figure 1. A random self-avoiding walk on Z?2 with 10° steps. Hlustration by T. Kennedy.

ST
RN

Figure 2. Appearance of real linear polymer chains as recorded using an atomic force microscope
on surface under liquid medium. Chain contour length is 22204 nm; thickness is 0.4 nm. [47]

polymers, with the self-avoidance condition modelling the excluded volume effect [14].
Figure 2 shows some 2-dimensional physical linear polymers, which may be compared
with Figure 1.

3 Basic questions

Three basic questions are to determine the behaviour of:
¢ ¢, = number of n-step self-avoiding walks,
* Exlom)]* = ;- L Y wes, l(n)[* = mean-square displacement,
« the scaling limit, i.e., find v and X such that n Y w(|nt]) = X(¢).

The inequality ¢, +m < cncm follows from the fact that the right-hand side counts
the number of ways that an m-step self-avoiding walk can be concatenated onto the
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end of an n-step self-avoiding walk, and such concatenations produce all (n + m)-
step self-avoiding walks as well as contributions where the two pieces intersect each
other. A consequence of this is that the connective constant © = lim,,_, cj/ " exists,
with ¢, > u” for all n (see [40], Lemma 1.2.2, for the elementary proof). Since
the d" n-step walks that take steps only in the positive coordinate directions must be
self-avoiding, we have u > d. And since the set of n-step walks without immediate
reversals has cardinality (2d)(2d — 1)"*~! and contains all n-step self-avoiding walks,
we have u < 2d — 1. Several authors have considered the problem of tightening these
bounds. For example, ford = 2 itisknownthat u € [2.625622, 2.679 193] [33], [46]
and the non-rigorous estimate! ;1 = 2.638 158 530 31(3) was obtained in [31].

Another basic question is to determine the behaviour of the two-point function
Gz (x) = Y 02 cn(x)z", when z equals the radius of convergence z, = p~! (see
Corollary 3.2.6 in [40] for a proof that z. = ~! for all x). There is now a strong body
of evidence in favour of the predicted asymptotic behaviours:

n~ A"’ Eplom) ~ Dn?Y, G (x) ~ clx| 7@, (3.1)

with universal critical exponents y, v, n obeying Fisher’s relation y = (2 — n)v. The
exponents are written as in (3.1) to conform with a larger narrative in the theory of critical
phenomena. For d = 4, logarithmic corrections are predicted: a factor (logn)/4
should be inserted on the right-hand sides of the formulas for ¢, and E, |w(n)|? (but no
logarithmic correction to the leading behaviour of G, (x)). A prediction of universality
is the statement that the critical exponents depend only on the dimension d and not on
fine details of how the model is defined. For example, the exponents are predicted to
be the same for self-avoiding walks on the square, triangular and hexagonal lattices in
two dimensions. This will not be the case for the connective constant or the amplitudes
A, D, ¢, and for this reason the critical exponents have greater importance.

In the remainder of this paper, we discuss what has been proved concerning (3.1),
dimension by dimension.

4 Dimensiond =1

At first glance it appears that for d = 1 the problem is trivial: ¢, = 2 and |w(n)| = n
forall n,so y = v = 1, and the walk moves ballistically left or right with speed 1.

However, the 1-dimensional problem is interesting for weakly self-avoiding walk.
Let g > 0, let P, be the uniform measure on all n-step nearest-neighbour walks
S = (S0, S1,...,S,) (with or without intersections), and let

0n($)= o0 g Y b5, |Pa(S),

i,j=0,i#]j

where Z, is a normalisation constant.

1The notation ;. = 2.638 158530 31(3) is an abbreviation, common in the literature, for © =
2.63815853031 £ 0.000 000000 03.
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Theorem 4.1 ([17], [36]). For every g € (0, 00) thereexist 8(g) € (0,1) ando(g) €
(0, 00) such that

1 ¢ 2
< C = — e_x /2dx.
U«/ﬁ - ) V27 /;oo

Note the ballistic behaviour for all g > 0: weakly self-avoiding walk is in the
universality class of strictly self-avoiding walk. In particular, v = 1, in contrast to
vV = % for g = 0. For any g > 0, no matter how small, the 1-dimensional weakly
self-avoiding walk behaves in the same manner as the strictly self-avoiding walk, which
corresponds to g = oo. This is predicted to be the case in all dimensions.

The proof of Theorem 4.1 is based on large deviation methods. For a different
approach based on the lace expansion, see [25]. The natural conjecture that g — 6(g)
is (strictly) increasing remains unproved. For reviews of the case d = 1, see [26], [27].

lim 0,

n—>oo

(lSn|_6”

5 Dimensiond =2

It was predicted by Nienhuis [44] that y = %3 and v = 2 for d = 2. According
to Fisher’s relation, this gives n = % This prediction has been verified by extensive
Monte Carlo experiments (see, e.¢., [39]), and by exact enumeration plus series analysis.
For the latter, ¢, is determined exactly forn = 1,2,..., N and the partial sequence is
analysed to determine its asymptotic behaviour. The finitelattice method is remarkable
for d = 2, where ¢, is known for all n < 71 [32]; in particular,

c71 = 4190893020903 935054619 120005916 ~~ 4.2 x 103°.

Concerning critical exponents and the scaling limit, a major breakthrough occurred
in 2004 with the following result which connects self-avoiding walks and the Schramm-—
Loewner evolution (SLE).

Theorem 5.1 ([37], loosely stated). If the scaling limit of the 2-dimensional self-
avoiding walk exists and has a certain conformal invariance property, then the scaling
limit must be SLEg /3.

Moreover, known properties of SLEg,3 lead to calculations that rederive the values
y = 33, v = 2, assuming that SLEg,3 is indeed the scaling limit [37]. The above
theorem is a breakthrough because it identifies the stochastic process SLEg,3 as the
candidate scaling limit. However, the theorem makes a conditional statement, and the
existence of the scaling limit (and therefore also its conformal invariance) remains as
a difficult open problem. Numerical verifications that SLEg, 5 is the scaling limit were
performed in [34].

Current results fall soberingly short of existence of the scaling limit and critical

exponents for d = 2. In fact, for d = 2, 3, 4 the best rigorous bounds on ¢, are

n - MneCnl/Z (d _ 2)7
Ko =Cn = Mnean/(dJrz) logn (d — 3’4).
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The lower bound comes for free from ¢, +,» < ¢, ¢, and the upper bounds were proved
in [19], [35]. Worse, for d = 2, 3, 4, neither of the inequalities C~'n < E, |w(n)|?> <
Cn?~¢ (for some C,e > 0) has been proved. Thus, there is no proof that the self-
avoiding walk moves away from its starting point at least as rapidly as simple random
walk, nor sub-ballistically, even though it is preposterous that these bounds would not
hold.

6 Dimensond =3

For d = 3, there are no rigorous results for critical exponents. An early prediction for
the values of v, referred to as the Flory values [14], was v = diﬁ forl1 <d < 4. This
does give the correct answer for d = 1,2, 4, but it is not quite accurate for d = 3. The
Flory argument is very remote from a rigorous mathematical proof.

For d = 3, there are three methods to compute the exponents. Field theory com-
putations in theoretical physics [18] combine the N — 0 limit for the N -vector model
with an expansion in ¢ = 4 — d about dimension d = 4, with ¢ = 1. Monte
Carlo studies now work with walks of length 33,000,000 [12], using the pivot algo-
rithm [41], [30]. Finally, exact enumeration plus series analysis has been used; cur-
rently the most extensive enumerations in dimensions ¢ > 3 use the lace expansion
[13], and for d = 3 walks have been enumerated to length n = 30, with the result
c39 = 270569905525454 674 614. The exact enumeration estimates for d = 3 are
= 4.684043(12), y = 1.1568(8), v = 0.5876(5) [13]. Monte Carlo estimates are
consistent with these values: y = 1.1575(6) [11] and v = 0.587597(7) [12].

7 Dimensond =4
7.1 Theupper critical dimension. A prediction going back to [1] is that for d = 4,
cn ~ Ap™(logn)'*,  E|w®n)|*> ~ Dn(logn)'/*. (7.1)

Correspondingly, when the 4-dimensional self-avoiding walk is rescaled by the fac-
tor (Dn)~/2(logn)~1/8, the scaling limit is predicted to be Brownian motion. The
logarithmic corrections in (7.1) are typical of behaviour at the upper critical dimen-
sion, which is d = 4 for the self-avoiding walk. As discussed in Section 8 below,
self-avoiding walks behave like simple random walks in dimensions greater than 4.

A quick way to guess that 4 is the upper critical dimension is to recall that the ranges
of two independent Brownian motions do not intersect each other if and only if d > 4,
a fact intimately related to the 2-dimensional nature of Brownian paths. Consequently,
one might guess that conditioning a simple random walk not to intersect itself might
have no noticeable effect on the scaling limit when d > 4.

7.2 Continuous-timeweakly self-avoidingwalk. Let X be the continuous-time sim-
ple random walk on Z<¢ with Exp(1) holding times and right-continuous sample paths.
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In other words, the walk takes its nearest neighbour steps at the events of a rate-1 Pois-
son process. Let [E, denote expectation for this process started at X'(0) = x. The local
time at x up to time T is given by

T
Ix,T =/ Ix(s)=x ds.
0

and the amount of self-intersection experienced by X up to time 7' is measured by

T T
/ d51/ ds2lx(s)=x(s) = D l27-
0 0

xezZ4

Let g > 0 and x € Z%. The continuous-time weakly self-avoiding walk two-point
function is defined by

oo
Goal) = [ Eole™# Feeot Ei e,
0

where A is a parameter (possibly negative) which is chosen in such a way that the
integral converges. A subadditivity argument shows that there exists a critical value
Ae = Ac(g)suchthat Y .,a Gga(x) < oo ifand only if A > A.. The following
theorem shows that the asymptotic behaviour of the critical two-point function has the
same |x|?>~¢ decay as simple random walk, i.e., n = 0, in all dimensions greater than or
equal to 4, when g is small. In particular, there is no logarithmic correction at leading
order when d = 4.

Theorem 7.1 ([8], [9]). Let d > 4. Thereexists g > 0 such that for each g € (0, g)
there exists cg > 0 such that as |x| — oo,

C
G (g)(X) = IxI% (1 +o0(1)).

The proof of Theorem 7.1 is based on a rigorous renormalisation method [8], [9]
(see also [2]), discussed further below.

7.3 Hierarchical lattice and walk. Theorem 7.1 has precursors for the weakly self-
avoiding walk on a 4-dimensional hierarchical lattice. The hierarchical lattice is a
replacement of Z by a recursive structure which is well-suited to the renormalisation
group, and which has a long tradition of use for development of renormalisation group
methodology.

The hierarchical lattice Hy ;, ia a countable group which depends on two integer
parameters L. > 2 and d > 1. It is defined to be the direct sum of infinitely many
copies of the additive group Z,, = {0,1,...,n — 1} withn = L. A vertex in the
hierarchical lattice has the form x = (..., x3, x», x1) with each x; € Z, and with all
but finitely many entries equal to 0. For x € Hy 1, let

x| 0 if all entries of x are 0,
X| =
LN ifxy #0andx; =0foralli > N.
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A metric (in fact an ultra-metric) on Hy 1 is then defined by

p(x,y) =[x =yl

To visualise the hierarchical lattice, an example of the vertices of a finite piece of
the d-dimensional hierarchical lattice with parameters L = 2 and d = 2 is depicted
in Figure 3. Vertices are arranged in nested blocks of cardinality L%/ where j is the
block level.

level-1 blocks
(] o ° 0 0 ° Y .K
e e o0 e o level-2 blocks
[ ] [ ] [ ° ° ° ° ° ¥
% | |[F—= o level-3 block

Figure 3. Vertices of the hierarchical lattice with L = 2, d = 2.

Every pair of vertices is joined by a bond, with the bonds labelled according to their
level as depicted in Figure 4. The level £(x, y) of a bond {x, y} is defined to be the
level of the smallest block that contains both x and y. The metric p on the hierarchical
lattice is then given in terms of the level by

plx.y) = L,

There is more structure present in Figure 3 than actually exists within the hierarchical
lattice. In particular, all vertices within a single level-1 block are distance L from each
other, and their arrangement in a square in the figure has no relevance for the metric.
With this in mind, the arrangement of the vertices as in Figure 3 serves to emphasise
the difference between the hierarchical lattice and the Euclidean lattice Z¢.

We now define a random walk on Hy ., in which the probability P (x, y) of a jump
from x to y in a single step is given by

P(x,y) = constp(x, y)~“+2.

We consider both the discrete-time random walk, in which steps are taken at times
1,2, 3,...,andalsothe continuous-time random walk in which steps are taken according
to a rate-1 Poisson process. For the continuous-time process, the random walk Green
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..\ [ ] [ ] L] [ ] L] L]
I Tl / — level-1 bonds
o ° ) . ,/ . . .
L] . / L] /l L] I L]
- /
= =\ o 8= *ll - -level-2 bonds
0 O ° s « 0 0 N
o\‘ . p ° ° e o o
L L - level-3 bonds
0 \ 0 0 0 ° \\ ¢ 0
° \b o o o o » .

Figure 4. Bonds of the hierarchical lattice with L =2, d = 2.

function is defined to be

o0
Glx,y) = [ AT Ex(Lx(r)—y),
0

where E,. denotes expectation for the process X started at x. It is shown in [3] that for
d>?2

G(x,y) = const ifx #y, (7.2)
plx, y)4=2

and in this sense the random walk on the hierarchical lattice behaves like a 4 -dimensional
random walk.

The continuous-time weakly self-avoiding walk is defined as in Section 7.2, namely
we modify the probability of a continuous-time random walk X on H, ; by a factor
exp[—g Y, tx,7(X)?]. The prediction is that for all g > 0 and all L > 2 the weakly
self-avoiding walk (with continuous or discrete time) on Hy ; has the same critical
behaviour as the strictly self-avoiding on Z¢ (at least for 4 > 2 where (7.2) holds).
This has been exemplified for d = 4 in the series of papers [3], [5], [6], where, in
particular, the following theorem is obtained. There are some details omitted here that
are required for a precise statement, and we content ourselves with a loose statement
that captures the main message from [5].

Theorem 7.2 ([5], loosely stated). Fix L > 2. For the continuous-time weakly self-
avoiding walk on the 4-dimensional hierarchical lattice Hy 1, if g € (0, go) With go
sufficiently small, then thereisa constant ¢ = ¢ (g, L) such that

loglog T 1
EX |o(T)| ~ cTY*(log T 1/8[1 0( )]
0.gl@(T)| ~ cT"*(log T) + 32009 T + log 7
where the expectation on the left-hand side is that of weakly self-avoiding walk started
at 0 and up totime T', and where the symbol ~ requires an appropriate interpretation;
see [5], p. 525, for the details of this interpretation.
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Itisalso shown in [3] that = 0 in the setting of Theorem 7.2. \ery recently, related
results for the critical two-point function and the susceptibility have been obtained in
[21] for the discrete-time weakly self-avoiding walk on Hy 7, with g sufficiently small
and L sufficiently large. These results produce the predicted logarithmic correction for
the susceptibility, closely related to (7.1).

The proofs of all these results for the 4-dimensional hierarchical lattice are based on
renormalisation group methods, but the approach of [3], [5], [6] is very different from
that of [21]. The approach of [21] is based on a direct analysis of the self-avoiding paths
themselves. Incontrast, the approach of [3], [5], [6], as well as the proof of Theorem 7.1,
are based on a functional integral representation for the two-point function with no direct
path analysis.

7.4 Functional integral representation. The point of departure of the proofs of The-
orems 7.1-7.2, and more generally of the analysis in [3], [5], [6], [8], [9], [16], [43], is
a functional integral representation for self-avoiding walks. Such representations have
their roots in [45], [42], [38], [3] and recently have been summarised and extended in
[7]. We now describe the representation for the continuous-time weakly self-avoiding
walk on Z*.

In fact, the representation is valid for weakly self-avoiding walk on any finite set A,
and an extension to Z* requires a finite volume approximation followed by an infinite
volume limit; the latter is not discussed here. For the present discussion, let A be
an finite box in Z4, of cardinality M, and with periodic boundary conditions. Let A
denote the lattice Laplacian on A. Let X be the continuous-time Markov process on
A with generator A, and let E, denote the expectation for this process started from
x € A. We define the weakly self-avoiding walk two-point function on A by

wsaw, A > -8 cent?y —AT
Gyt = | Ex(e 7 lx(ry=y ) ATdT.

where g > 0 and where A € R is chosen so that the integral converges.

Given ¢: A — C, we write ¥, = —1—dg,, where dg, denotes the differential

. . i V2mi .
and we fix any particular choice of the square root. For x € A, we define

Ty = QxPx + Yx A ‘}x’

where the wedge product is the usual anti-commuting product of differential forms,
@y denotes the complex conjugate of ¢, and ¥, = %d@x. Forms are always

multiplied using the wedge product, and we drop the wedgglfrom the notation in what
follows. We also define

S = Z (—Ax,y)ox0y + Z (_Ax,y)‘ﬁx&y'
X,y€A X, yEA

The integral representation for Gy is

G)\/Cv,s;W,A _ [e—Se—erA(gf,%"‘Mx)@x(py, (7.3)
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where the integral is defined by the following procedure.

First, the integrand, which involves functions of differential forms, is defined by
its formal power series about its degree-zero part. For example, with the abbreviated
notation S = —pA@ — YAy, the expansion of e™5 is

|Al
_ S A 5 1 -\N
oS = pPAPTYAY _ ,0A¢ NE N1 (WA‘/f) ,

where the sum is a finite sum due to the anti-commutativity of the wedge product.
Second, in the expansion of the integrand, we keep only terms with one factor dg,
and one d ¢, for each x € A, and discard the rest. Then we write ¢x = uy + ivy,
@x = ux — ivy and similarly for the differentials, use the anti-commutativity of the
wedge product to rearrange the differentials to [ [ .. , duxdvx, and finally perform the
resulting Lebesgue integral over R21A1. For further discussion and a proof of (7.3), see
[7].

The approach of [3], [5], [6], [8], [9] to the weakly self-avoiding walk is to study the
integral on the right-hand side of (7.3), and simply to forget about the walks themselves.
The differential form e=Se="™) where V(A) = 3" (872 + Aty), has a property
called supersymmetry (see [7] for adiscussion of this in our context). In physics, roughly
speaking, this corresponds to symmetry under an interchange of bosons and fermions.
Supersymmetry has interesting consequences. For example, a general theorem (see
[6], [7]) implies that

[ e STV — 1, (7.4)

We redefine S as S = ¢(el —A)g— (eI — A)y for some (small) choice of € > 0,
where [ denotes the |A| x |A| identity matrix. This can be regarded an adjustment of
the parameter A. Then, given a form F, we write

EcF = /e—SF,

where C = (eI — A)~!. By (7.4), Ec1 = 1. We regard E¢ as a mixed bosonic-
fermionic Gaussian expectation, with covariance C. The operation E¢ has much
in common with standard Gaussian integration, and for this reason we write E for
expectation, but this is not ordinary probability theory and the expectations are actually
Grassmannian integrals.

7.5 The renormalisation group map. The renormalisation group approach of [8],
[9] (and of several other authors as well) is based on a finite-range decomposition of
the covariance C = (eI — A)~!, due to [4]. Fix a large integer L and suppose that
|A| = LN, Using the results of [4], it is possible to write

N
C= ZC_;‘
j=1
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where the C;’s are positive semi-definite operators with the important finite-range

property _
Ci(x,y)=0 if[x—y|>L/.

The C;’s also have a certain self-similarity property, and obey the estimates

sup sup |VEVEC;(x, )| < constL=U D@2k

XY le|<ao

for given o and for j < N, with a j-independent constant. This decomposition
induces a field decomposition

N N
0=25. dy=) di.
j=1 j=1

and allows the expectation to be performed iteratively:
Ec =Ecyo---oEc, oE¢,,

where Ec; integrates out the scale-;j fields ¢;, E,-,d;,-, dg:j. Under [E;, the scale-j
fields are uncorrelated when separated by distance greater than L/, in contrast to the
long-range correlations of the full expectation E¢.

In what follows, we discuss the approach of [9] towards a direct evaluation of the
integral [ e=Se=V®)_ In fact, as already pointed out above, it is a consequence of
supersymmetry that this integral is equal to 1, so direct evaluation is not necessary.
However, the method described below extends also to evaluate the integral in (7.3), and
it is easier to discuss the method now in the simpler setting without the factor @, ¢, in
the integrand.

We write (¢,dp) = (¢.¢.dp,d@) and (£, d§) = (£, ¢, dE,dE). We set ¢; =
SN 41, with g0 = ¢, g = 0; this gives

¢ = Pj+1 +&i+1.
Let Zo = Zo(¢, dp) = e VD) Jet

Zi(¢p1.dp1) =Ec, Zo(p1 + &1,dp1 + d&r),
Zy(¢2,dg2) = Ec, Z1(¢2 + &2,.dps + dE2) = Ec,Ec, Zo,

and, in general, let
Zj(¢j.doj) =Ec, ---Ec,Zo(9. d9).
Our goal now is to compute directly
Zny =EcZo=Ece "™,
This leads us to study the renormalisation group map Z; — Z; 1, given by

Zjt1(@j+1,ddj+1) = Ec; Zj($j+1 + §j+1,ddj+1 + dEj+1).
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The finite-range property of C;, together with our choice of side length LY for A,
leads naturally to the consideration of A as being paved by blocks of side L/. Let 2;
denote the set of finite unions of such blocks. Given forms F, G defined on &, we
define the product

(FoG)(A)= Y F(X)G(A\X).

XeP;

For X € %, let
LX) =e"P Ko(X) = lx—p.

Then we can write
Zy = Io(A) = (1o o Ko)(A).

The method of [9] consists in the determination of an inductive parametrisation
Zi =0 K)N),  Zjyi=Ec¢ 1 Zj = Uj+10 Kj+1) (D),
with each /; parametrised in turn by a polynomial V; evaluated at ¢;, d¢;, given by
Vie =giT2+AjTx + ZjTA x»

with

_ _ 1 _ 1 _
TAx = Ox(—AQ)x + (=A@)xpx + TdWx(_AdQD)x + ——(—Ad@)xd px.
i 2mi

The term K; accumulates error terms. The map /; — I, is thus given by the flow of
the coupling constants (g, A;.z;) = (gj+1.Aj+1.2j+1), and hence the renormalisa-
tion group map becomes the dynamical system

(gj-Aj.zj, Kj) = (gj+1. Aj+1. Zj+1. Kj+1).

At the critical point, this dynamical system is driven to zero, and this permits the
asymptotic computation of the two-point function. Details are given in [9].

8 Dimensionsd > 5

8.1 Results. The following theorem shows that above the upper critical dimension the
self-avoiding walk behaves like simple random walk, in the sense that y = 1, v = %
n = 0, and the scaling limit is Brownian motion.

Theorem 8.1 ([22], [23]). For d > 5, there are positive constants A4, D, c, € such that
en = Ap*[1 4+ 0™ )],
Enlo(m)|> = Dn[l + O(n™)],
and the rescal ed self-avoiding walk converges weakly to Brownian motion:

w(lnt])
vDn

- Bt.
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Also [20], as | x| — oo,
Gz, (x) = c|x[7“972[1 + O(|x|™)].

The proofs of these results are based on the lace expansion, a technique that was
introduced by Brydges and Spencer [10] to study the weakly self-avoiding walk in
dimensions d > 4. Since 1985, the method has been highly developed and extended
to several other models: percolation (d > 6), oriented percolation (d + 1 > 4 + 1),
contact process (d > 4), lattice trees and lattice animals (d > 8), and the Ising model
(d > 4). For areview and references, see [49].

The lace expansion requires a small parameter for its convergence. For the nearest-
neighbour model in dimensions d > 5, the small parameter is proportional to (d —4)~!,
which is not very small when d = 5. Because of this, the proof of Theorem 8.1 is
computer assisted. The weakly self-avoiding walk has an intrinsic small parameter
g, and it is therefore easier to analyse than the strictly self-avoiding walk. Another
option for the introduction of a small parameter is to consider the spread-out strictly
self-avoiding walk, which takes steps within a box of side length L centred at its current
position; this model also can be more easily analysed by taking L large to provide a
small parameter L',

The spread-out model can be generalised to have non-uniform step weights. For
example, given & > 0, and an n-step self-avoiding walk « on Z¢ taking arbitrary
steps, we define the weight

n

1
W(w) = ,
@ 1:[1 (LMol — 1) —o()| A i+
and consider the probability distribution on self-avoiding walks that corresponds to this
weight. The following theorem, which is proved using the lace expansion, shows how
the upper critical dimension changes once @ < 2 and the step weights have infinite
variance.

Theorem 8.2 ([24]). Let« > 0 and

n—1/(@A2) a#2,

Ja(n) = aa{(n Iogn)—l/2 a =2,

for a suitably chosen (explicit) constant a,. For d > 2(a A 2) and for L sufficiently
large, theprocess X, () = f(n)w(|nt]) convergesindistributionto an «-stable Lévy
process if o < 2 and to Brownian motion if o« > 2.

In [43], the weakly self-avoiding walk with long-range steps characterised by o =
3—;“, with small € > 0, is studied in dimension 3, which is below the upper critical
dimension 3+ ¢. The main result is the control of the renormalisation group trajectory, a
first step towards the computation of the asymptotics for the critical two-point function
below the upper critical dimension. This is a rigorous version, for the weakly self-
avoiding walk, of the expansion in ¢ = 4 — d discussed in [51]. The work of [43] is
based on the functional integral representation outlined in Section 7.4.
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8.2 Thelaceexpansion. The original formulation of the lace expansion in [10] made
use of a particular class of ordered graphs which Brydges and Spencer called “laces.”
Later it was realised that the same expansion can be obtained by repeated use of
inclusion-exclusion [48]. We now sketch the inclusion-exclusion approach very briefly;
further details can be found in [40] or [49].

The lace expansion identifies a function m,, (x) such that forn > 1,

()= D et =)+ Y D Am(P)en-mlx —y). (8.1)

yezd m=2yezd

In fact, it is possible to see that (8.1) defines 7, (x), but the expansion will produce a
useful expression for ., (x). We begin with the identity

an(x) = Y aaen1(x —y) — RP(x),

yezd

where R,Sl)(x) counts the number of terms which are included on the first term of the
right-hand side but excluded on the left, namely the number of n-step walks which start
at 0, end at x, and are self-avoiding except for an obligatory single return to 0. This is
denoted schematically by

R,(ll)(x) =0 X.

If we relax and subsequently account for the constraint that the loop in the above diagram
avoid the vertices in the “tail,” then we are led to

RIO(x) =Y umcn-m(x) — RP (),

m=2

where u,, is the number of m-step self-avoiding returns, and
RP(x)=0 .

In the above diagram, the proper line represents a self-avoiding return, while the wavy
line represents a self-avoiding walk from 0 to x constrained to intersect the proper line.
Repetition of the inclusion-exclusion process leads to

en(x) = Z c1(y)en—1(x —y) + Z Z Tm (Y)Cn—m(x — y)

yezZd m=2yezd
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with
m(y) = —60,y0 +0 y— +---

and where there are specific rules for which lines may intersect which in the diagrams
on the right-hand side. These rules can be conveniently accounted for using the concept
of lace.

We put (8.1) into a generating function to obtain

G:(0) =Y ea®)z" =8ox+2 Y, a(G(x—y)+ Y M(y)G:(x — ),
n=0 yezd yezd
(8.2)
with

M.(y) = ) wm(y)z".
m=2

For k e [-m.7]?, let f(k) = Y, f(x)etk™* denote the Fourier transform of an
absolutely summable function f on Z¢. From (8.2), we obtain

1
1 —zéy(k) — T, (k)

éz(k) =

Note that setting I1,(k) equal to zero yields the Fourier transform of the two-point
function of simple random walk, and hence I1, (k) encapsulates the self-avoidance.

8.3 Oneideafrom theproof of Theorem 8.1. Let F, (k) = 1/G (k). By definition,
G.(0) = 3% cpz". Since lim, oo ca/™ = pu = 21, G,(0) has radius of conver-
gence z., and since ¢, > u", FA‘ZC (0) = 0. Suppose that it is possible to perform a joint
Taylor expansion of F in k and z about the points k = 0 and z = z. The linear term
in k vanishes by symmetry, so that

Fa(k) = B.(k) — ., (0) ~ alk|? + b(l . i), fork ~ 0,z ~ 27,
Zc
witha = ﬁv,fﬁ‘zc O)andb = —z.0; ﬁzc (0). We assume now that a and b are finite,
although it is an important part of the proof to establish this, and it is not expected to
be true when d < 4. Then

1
alkP2 +b(1— Z)

G, (k) ~ fork ~0,z~ z;, (8.3)
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which is essentially the corresponding generating function for simple random walk.

For this to work, it is necessary in particular that z,. aZﬁZL_ (k) be finite. The leading
term in this derivative, due to the firstterm ">, u,,,z™ in the diagrammatic expansion
for I1, (k), is >, mup,z™. By considering the factor m to be the number of ways
to choose a nonzero vertex on a self-avoiding return, and by relaxing the constraint that
the two parts of this return (separated by the chosen vertex) avoid each other, we find
that this contribution is bounded above by

Zmumz < Z G (x)* = / G..(k )2(2 ;Cd» (8.4)

xezZ4

where the equality follows from Parseval’s relation. A reason to be hopeful that this
might lead to a finite upper bound is that if we insert the simple random walk behaviour
on the right-hand side of (8.3) into (8.4) then we obtain

dk 1 d%
2 ~ - ford > 4.
/[ o] Geo 0 /[_m]d k[ @myd = i

Here we have assumed what it is that we are trying to prove, but the proof finds a way
to exploit this kind of self-consistent argument. For the details, we refer to [22], [23],
or, in the much simpler setting of the spread-out model, to [49].

9 Conclusions

Our current understanding of the critical behaviour of the self-avoiding walk can be
summarised as follows:

e d = 1: ballistic behaviour is trivial for the nearest-neighbour strictly self-
avoiding walk, but is interesting for the weakly self-avoiding walk.

e d = 2: if the scaling limit can be proven to exist and to be conformally invariant
then the scaling limit is SLEg,3, SLEg/3 explains the values y = 43 and v = 2,
currently there is no proof that the scaling limit exists.

e d = 3: numerically y &~ 1.16 and v ~ 0.588, there are no rigorous results, and
there is no idea how to describe the scaling limit as a stochastic process.

* d = 4: renormalisation group methods have proved that n = 0 for continuous-
time weakly self-avoiding walk; on a 4-dimensional hierarchical lattice y = 1
andv = % both with log corrections, and n = 0.

« d > 5: the problem is solved using the lace expansion, y = 1,v = 1, n = 0,

2
and the scaling limit is Brownian motion.
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L?-independence of growth bounds of Feynman—-Kac
semigroups

Masayoshi Takeda*

1 Introduction

A. Beurling and J. Deny [6], [7] initiated the theory of Dirichlet forms. Using po-
tential theory of Dirichlet forms, M. Fukushima [23] succeeded in the construction of
symmetric Hunt processes associated with Dirichlet forms. Since then, the theory of
Dirichlet forms has been developed by many persons as a useful tool for analyzing sym-
metric Markov processes (see e.g. [8], [24], [29], [30]). The theory of Dirichlet forms
is an L2-theory, which is one reason why the theory is suitable for treating singular
Markov processes. On the other hand, the theory of Markov processes is, in a sense, an
L'-theory. To bridge this gap, we study here the L?-independence of growth bounds
of Markov semigroups, more generally, of generalized Feynman-Kac (Schrédinger)
semigroups. The LZ-independence enables us to control L°°-properties of the sym-
metric Markov process; in fact, we can state, in terms of the bottom of L2-spectrum,
a necessary and sufficient condition for the integrability of Feynman—Kac functionals
([36]) and for the stability of Gaussian two-sided estimates of Schrodinger heat kernels
(137D).

Forthe proof of the L?-independence, we apply arguments in the Donsker—\Varadhan
large deviation theory. The large deviation principle for a symmetric Markov process is
governed by its Dirichlet form, namely, the rate function is identified with its Dirichlet
form. Hence we can expect that the L?-independence is fulfilled for symmetric Markov
processes satisfying the large deviation principle. This is our key idea throughout this
paper.

Let X be alocally compact separable metric space and m a positive Radon measure
on X with full support. Let M = (X;, Py, ¢) be an irreducible m-symmetric Markov
process on X with strong Feller property. Here ¢ is the lifetime of M. We further
assume that M is in Class (I) or Class (I1) (Definition 2.1, Definition 2.2 in Section 2).
Let u be a signed smooth Radon measure on X in Class K, (Definition 3.1) and F
a symmetric function on X x X in Class 4, (Definition 3.2). We define the additive
functional A;(u + F) by

A(p+ F) = Ai() + Ad(F) = A(w) + Y F(Xs—, X;).
O<s<t

Here A, (u) is the continuous additive functional with Revuz correspondence to u (see
(2.3) below). The second term A, (F) is a purely discontinuous additive functional

*The author was supported in part by Grant-in-Aid for Scientific Research (N0.18340033 (B)), Japan
Society for the Promotion of Science.
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which varies when the Markov process X; jumps on the support of F. The additive
functional A,(u + F) is quite general. In fact, it is known from a result of Motoo that
if an additive functional is purely discontinuous and quasi-left-continuous, then it is of
the form A, (F) (S. Watanabe [46]).

We denote by (N(x, dy), H;) the Lévy system of M. We define the generalized
Feynman—Kac semigroup {p***¥1,-¢ by

P f(x) = Exexp(As (1 + F)) £(X0)],

and the Schrédinger type operator formally by
HHEf =2 f +p1f +nuFf,
piff = ([ (50 =1) FOINGdy) ()

where £ is the generator of M and g the Revuz measure of H,. We then see that the
semigroup { p"*},.¢ is the one generated by J¢#tF | phtE — exp(r JortF),
We define the L?-growth bound of {pﬁ‘+F},>0 by

1 F
Ap( + F) == lim —log|lpj™ " lpp. 1= p=o0,

where [|- |, » is the operator norm from L? (X ;m) to L?(X;m). The L?-independence
of the growth bounds of {pﬁ‘+F},>0 means that

Ap(p+ F)=Ad(u+F), 1=<p=oo.
We now state our main theorem.

Theorem 1.1 ([39], [44]). Let u beameasureintheclass Ko, and F afunctioninthe
class #A-.

(i) Assumethat M isin Class (I). Then A,(u + F) isindependent of p.

(if) Assumethat M isin Class (I1). Then A,(u + F) isindependent of p if and only
if A2(u+ F) <0.

Takeda [39] proved Theorem 1.1 (i) for Feynman—Kac semigroups with local poten-
tial A, (w); the facts in [39] can be easily extended to { pﬁ”F }+=0. Takeda [38] proved
Theorem 1.1 (ii) for Feynman—Kac semigroups with local potential, and Takeda and
Tawara [40] extended it to non-local Schrédinger operators whose principal part is the
fractional Laplacian, (1/2)(—A)®*/2, and Tawara [44] further extended it to generalized
operators treated in this paper. Theorem 1.1 (ii) says that the L?-independence for a
symmetric Markov process in Class (I1) is completely determined by the L2-growth
bound. Recently, G. De Leva, D. Kim and K. Kuwae [18] extend our main results to
Feynman-Kac semigroups generated by continuous additive functionals of zero energy.

As mentioned above, the idea for the proof of Theorem 1.1 lies in the Donsker—
Varadhan theory, the large deviation theory for occupation distributions. We denote by
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(&, ) the regular Dirichlet form generated by the symmetric Markov process M. We
then see that the semigroup { p** ¥}~ generates the bilinear form &+ :

M F (uu) = 6(u,u) — (/ w?du

X
+LXMWWWMJWW@WMW0,u€R
where
Fi(x,y) =& (1.1)

([47], Theorem 4.1). Let (X)) be the set of probability measures on X equipped with
the weak topology. We define the function /g.+r on £ (X) by

e tF (T JF) ifv=f-m JfeF. (1.2)

I =
gurr (V) {oo otherwise.
Forw € Q with 0 <t < ¢(w), we define the occupation distribution L;(w) € £ (X)
by
1 t
L@ = [ La(@)ds,
0

where 14 is the indicator function of the Borel set A C X. We then have the next
theorem:

Theorem 1.2. Assume that M isin Class (I). Let i be a measure in Ko, and F a
function in #A,.

(i) For eachopenset G C #(X),

- AU+ F). -
I',”l!ﬂ,f " IogIEx[e tw+F). 1, e Gt < C] > —VIQE leu+r(v).

(ii) For eachclosed set K C P (X),

. 1 .
limsup ~ log sup Ex[e @)L, e K.t <] < - inf Lgur (v).
S

t—>o0 I xeX

Theorem 1.2 was proven in [39] and [44]. Applying Theorem 1.2t0 G = K =
P(X), we see that

1
lim = logsup E,[e4W*F) .t < ¢l =— inf [ "
100 ¢ gxeg ]l {] veP(X) gutr (V)

= —inf {8“+F(u,u) ‘uef, / u?dm = 1}. 1.3)
X
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The equation (1.3) leads us to Theorem 1.1 (i). Indeed, noting that

+F +F
sup Ex[eAt(M+F)§f < E] = sup p;" " 1(x) = || p}’ ll 0,00
xeX xeX

and by the spectral theorem
Ax(n + F) = inf {8“+F(u,u):ue?, /uzdmzl}, (1.4)
X

wehave Ao (L4 F) = A»(n+F) by (1.3), whichimpliesthat A, (1 + F) is independent
of p by the Riesz—Thorin interpolation theorem ([17], 1.1.5).

The method for the proof of Theorem 1.1 (ii) is different from that of Theorem 1.1 (i):
we first note that if the state space X is compact, only the Feller property is necessary for
the proof of the upper bound. We thus extend the Markov process M to the one-point
compactification X, by making the infinity co a trap, and derive the upper bound for
this extended Markov process. Then the rate function becomes a function on the set
of probability measures on X, not on X; in this way, the adjoined point co makes
a contribution to the rate function. We show that the infimum of the rate function on
the set of probability measures on X, is equal to the infimum of the original rate
function on the set of probability measures on X if and only if the L2-spectral bound
is non-positive. Consequently we obtain a necessary and sufficient condition for the
LP-independence. The idea of considering the contribution to the rate function from co
is due to A. Budhiraja and P. Dupuis [9], where a large deviation principle of occupation
distributions was proved for Markov processes without stability property. H. Kaise and
S. J. Sheu [26] studied the asymptotic of Feynman—Kac functionals by using this idea.

The Géartner—Ellis theorem is well known as a useful approach to the proof of large
deviation principles. A prerequisite condition for applying the Gértner—Ellis theorem
is the existence of a logarithmic moment generating function (Section 2.3 in [19]). We
would like to emphasize that the L?-independence of growth bounds of {pﬁ”F}»o
implies the existence of a logarithmic moment generating function of 4,(u + F). As
an application of this fact, we established in [42] the large deviation principle for purely
discontinuous AFs of symmetric stable processes (Theorem 5.8).

Varadhan [45] gave an abstract formulation for the large deviation principle. Theo-
rem 1.2 (i) and (ii) are slightly different from the lower estimate and the upper estimate
in his formulation; at least, since the rate function ¢+~ is the Schrodinger form, it
is not always non-negative. Moreover, even if i + F equals zero, we can not regard
Theorem 1.2 as a large deviation from invariant measure because the Markov process
is not supposed to be conservative. For this reason, we treat the normalized probability
measure Q. , on P (X) defined by

E,led®tF). [, e Bt <]
Ex[edw+F);t < £] ’

Ox.i(B) = B € B(P(X)). (1.5)

We show in Section 6 that if the symmetric Markov process M is in Class (1), then the
family of probability measures { O« }+>0 Satisfies the large deviation principle with the
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rate function J(v) := Igu+r (v) — A2(w + F), v € P(X), ast — oo in Varadhan’s
formulation (Theorem 6.3). In other words, {Qy ;}:~0 0beys the full large deviation
principle with the good rate function J(v). In addition, we see that there exists a unique
normalized ground state ¢o of the operator J¢“ £ and ¢2 - m is a unique probability
measure for which J(v) = 0. On account of these facts, we can regard Theorem 1.2
as a large deviation from the ground state of the generalized Schrédinger operator
(Corollary 6.4).

2 Dirichlet Formsand symmetric Markov processes

In this section we briefly review the theory of Dirichlet forms, symmetric Markov
processes and Feynman—Kac semigroups. Let X be a locally compact separable metric
space and X, the one-point compactification of X with adjoined point co. Let m be a
positive Radon measure on X with full support. Let M = (2, M, M;, 0;, X;, Py, )
be an m-symmetric Markov process on X. Here, {M,} is the minimal (augmented)
admissible filtration, {6, };>¢ is the shift operator satisfying X;(6;) = X+, identically
for s, > 0, and ¢ is the lifetime of M, ¢ = inf{r > 0 : X; = oo}. Let {p;}:~0 and
{Gg >0 be the semigroup and the resolvent of M: for a bounded Borel function f
on X

o0
pif ) = EolfX0it <8 Gpf ) = [ e pufinnd.

0
Throughout this paper, we make two assumptions on M.
Assumption | (Irreducibility). If a Borel set 4 is p,-invariant, i.e.,

pi(a f)(x) = lap; f(x), m-ae forVe >0, Vf e L*(X;m)NBp(X),

then A satisfies either m(4) = 0 or m(X \ A) = 0. Here B,(X) is the space of
bounded Borel functions on X.
Assumption Il (Strong Feller property). Foreachz > 0, p;(Bp(X)) C Cp(X), where
Cp(X) is the space of bounded continuous functions on X .

Remark 2.1 (Absolute continuity condition). We see from Assumption Il that the
semigroup { p; }:~o0 admitsan integral kernel { p(z, x, y) }+~o With respect to the measure
m!

pef(x) = /X p(tx.9) fO)dm(y).

We introduce two classes of symmetric Markov processes.

Definition 2.1. A symmetric Markov process M is said to be in Class (1), if for any
€ > 0, there exists a compact set K C X such that

sup Gilge(x) <e, (2.1)
xeX

Here 1k« is the indicator function of the complement of K.
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Remark 2.2. (i) If G;1 € Coo(X), then (2.1) is fulfilled. In this case, the Markov
process M is explosive.

(i) fm(X) < ooand ||G11,00 < 00, then (2.1) is fulfilled because |G 1 k¢ [loo <
1G11.00m(K€). Here || ||1.00 i the operator norm from L!(X;m) to L®(X; m).

(iii) Let us consider one-dimensional diffusion processes on an interval (rq, r3).
The boundary point r; is classified into four classes: regular boundary, exit boundary,
entrance boundary, and natural boundary. (a) If r, is a regular or exit boundary, then
limy—,, Gi1(x) = 0. (b) If r, is an entrance boundary, then

lim sup Gilgr)(x) =0

"2 xe(ry,r2)

(cf. [25], Section 5.11). As a result, if no boundaries are natural, then (2.1) is satisfied.
(iv) We introduce in Definition 3.1 the class K1 0f 1-Green tight measures. The
condition (2.1) says that the basic measure m is 1-Green tight.

Definition 2.2. A symmetric Markov process M is said to be in Class (l1), if its semi-
group {p:}¢>o0 is conservative, p;1 = 1, and if it satisfies p;(Coo(X)) C Coo(X).
Here Co (X)) is the space of continuous functions on X vanishing at the infinity.

Remark 2.3. Suppose that M is in Class (11). We then see from Proposition 3.4 below
that for any compact set K, limy_ 00 prlxc(x) = 1, and so sup, ey G1lge(x) = 1.
Therefore, there exists no intersection of Class (1) and Class (I1). For a one-dimensional
diffusion process, if both boundaries are natural, then (2.1) is fulfilled.

Let {Gg(x, y)}p>o be the resolvent kernel defined by

o0
Gﬂ<x,y>=[ P p(t.x.y)dt. B> 0.
0

If the Markov process M is transient, then Go(x,y) < oo x # y. In this case, we
simply write G (x, y) for Go(x, y) and call it the Greenfunction. By [24], Lemma4.2.4,
the density Gg(x, y) isassumed to be a non-negative Borel function such that Gg (x, y)
is symmetric and B-excessive in x and in y.

By the right continuity of sample paths of M, {p;};~0 can be extended to an
L?(X;m)-strongly continuous contraction semigroup, {7;};~o ([24], Lemma 1.4.3).
The Dirichlet form (&, ) generated by M is defined by

F={uel*X;m): tlir’%%(u — Tyu, u)p < 00},

- 2.2

Ew,v) = Iimo%(u—T,u,v)m, u,veF, (22)
t—

where (u, v),, is the inner product on L2(X;m). The Dirichlet form (&, ¥) is said
to be regular if £ N Co(X) is dense in & with respect to the &;-norm and dense
in Co(X) with respect to the uniform norm. Here Cy(X) is the space of continuous
functions on X with compact support and &;(u,u) = &(u,u) + (u,u),. It follows
from Assumption Il that (&, ') becomes regular.
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We define the (1-)capacity Cap associated with the Dirichlet form (&, ¥) as follows:
foran openset O C X,

Cap(0) = inf{&1(u,u) :u € ¥,u>1, m-ae. on O}
and for a Borel set 4 C X,
Cap(A) = inf{Cap(0) : O isopen, O D A}.

Let A be a subset of X. A statement depending on x € A is said to hold g.e. on A
if there exists a set N C A of zero capacity such that the statement is true for every
x € A\ N. “g.e.” is an abbreviation of “quasi-everywhere”. A real valued function u
defined g.e. on X is said to be quasi continuous if for any € > 0 there exists an open
set G C X such that Cap(G) < € and u|x\¢ is finite and continuous. Here, u|x\g
denotes the restriction of v to X \ G. Each function u in & admits a quasi-continuous
version u, that is, u = & m-a.e. In the sequel, we always assume that every function
u € F is represented by its quasi-continuous version.

A stochastic process { A, }:>¢ is said to be an additivefunctional (AF inabbreviation)
if the following conditions hold:

(i) As(-) is M;-measurable for all z > 0.

(if) There exists a set A € Moo = 0 (Us>oM,) such that Px(A) = 1, for all
x € X,0,A C Aforallt > 0, and for each w € A, A.(w) is a function
satisfying: Ap = 0, A;(w) < oo fort < {(w), As(w) = A¢(w) fort > ¢, and
Aiys(@) = Ay(w) + As(B;w) for s, t > 0.

If an AF {A;};>0 is positive and continuous with respect to ¢ for each @ € A, the
AF is called a positive continuous additive functional (PCAF in abbreviation). Under
the absolute continuity condition, “quasi everywhere” statements are strengthened to
“everywhere” ones. Moreover, we can defined notions without exceptional set, for
example, smooth measuresin the strict sense or positive continuous additive functional
in the strict sense (cf. Section 5.1 in [24]). Here we only treat the notions in the strict
sense and omit the phrase “in the strict sense”.

We denote Syo the set of positive Borel measures w such that u(X) < oo and
Giu(x)(= [y Gi(x,y)u(dy)) is uniformly bounded in x € X. A positive Borel
measure 1 on X is said to be smooth if there exists a sequence {E, }72, of Borel sets
increasing to X such that 1g, - i € Soo for each n and

Px(nimooo—x\E" > C) =1, VxelX, (5.1.28)

where oy\ g, is the first hitting time of X \ E,,. We denote by S the totality of smooth
measures. By Theorem 5.1.4 in [24], there exists a one-to-one correspondence (Revuz
correspondence) between smooth measures and PCAFs as follows: for each smooth
measure u, there exists a unique PCAF {4,};>¢ such that for any f € B84(X) and
y-excessive function 4 (y > 0), e V! p;h < h,

fim B[ /0 t FX)dA;) = /X £ (dx). (2:3)
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Here, Ep.m[-]1 = [y Ex[-1h(x)m(dx). We denote by A4, (1) the PCAF of the smooth
measure . Forasigned smooth measure i = pu+—p =, wedefine A, (n) = A, (u*)—
Ar(1).

Let N be a kernel on (X0, B(Xoo)) Such that N(x,{x}) = 0 forany x € X
and H; a PCAF of M. The pair (N, H;) is said to be the Lévy system of M if for
any bounded measurable function F on (X« X X ) Vanishing on the diagonal set
A ={(x,x) : x € Xoo}, it holds that

E[OZ F(Xom X0 = s /0 t /X PO NG anat]. @4

where X, = limgy; Xs. For the existence of the Levy system, see Benveniste and
Jacod [5]. We remark that

A(F) — /0 /X F(Xy. y)N(Xy. dy)dH,

is a martingale additive functional.
The regular Dirichlet form (&, ¥) is expressed by

Eu,v) = & u,v)
F ) - uo)Ee — venIdxdy) + [ uueokd
XxX\A X
(Beurling-Deny formula, [24], Theorem 3.2.1). The first term &) is called local part
of (€, %). €© isa symmetric Dirichlet form satisfying the strong local property, that

is, 8@ (u,v) = 0foru, v e F NCy(X) such that u is constant on Supp[v]. In addition,
there exists uniquely a positive Radon measure ,ufu), u € ¥, satisfying

6w, u) = - a6y (X).

N =

If we introduce a bounded signed measure Wiy UV € F, by

u,v)

1
/qu,v) = E(M€u+v) - '“fu) - “?v))’

then
£, ) = {0 (X)
u,v) = ZM(“’”) .

The second term is called the jumping part of (&, ). J is a symmetric positive Radon
measure on the product space X x X off the diagonal set and called jumping measure.
Using the Lévy system of M, we have the following expression:

1
J(dx,dy) = SN(x.dy)pn (dx),
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where g is the Revuz measure of the PCAF {H,};>¢ of the Lévy system. The last
term is called the killing part. k is a Radon measure on X and called killing measure.
Moreover, it is expressed as

k(dx) = N(x,o00)ug (dx).

3 Generalized Feynman—K ac semigroups

In this section we introduce classes of local and non-local potentials. For a signed Borel
measure u we denote its total variation by |x|. Following Chen [11], [12], we define
classes of local and non-local potentials.

Definition 3.1 (Kato measure, Green tight measure).
(a) A signed Borel measure w is said to be the Kato measure (in notation, u € X)
if |u| € S; and
lim sup Ex[4;(|u])] = 0.

xeX

(b) A measure u € X is said to be the 8-Green tight measure (in notation, u €
Koo,p) if for any e > 0 there exist a compact subset K and a positive constant § > 0
such that

sup Gp(x,y)|ul(dy) < e,
X JK¢

xXe

and for any Borel set B C K with |u|(B) < §,
sup | Gp(x,y)lul(dy) <e.
xeX JB

For a positive measure i on X, denote

Gon) = [ Go(x. ().

We note that for any 8 > 0, Ko, g = Koo,1. Indeed, for a positive measure 1 on X,
let wge(-) = w(K° N -). Since by the resolvent equation

Ggpuke = Gypge + (y —B)GpGyuge, 0<p <y,
we have

y—B Y

IGprkelloo < Gy ke lloo + THGMKC lloo = ]
We simply write K for Ko 1 and call a measure in K a 1-Green tight measure.
Moreover, if the Markov process is transient, a measure p € Koo,0 i called a Green
tight measure. We remark that Koo,0 C Koo C K ([11]).

Gy pke oo

We now provide an inequality proved in P. Stolimann and J. Voigt [32].
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Theorem 3.1. Let u € K. Thenfor each 8 > 0,

| i) < 1Gsulo - Etu). e ¥, (3.)

where Eg(u, u) = &, u) + B, u)m.

Definition 3.2. Let F be a bounded measurable function on X x X vanishing on the
diagonal set.
(@) F issaid to be in the class ¢ (resp. Joos Fo0,0) If

i) i= ([ 1FG NG ) )i () € K (1. Ko, Koo

(b) F is said to be in the class 4 if for any € > 0 there exist a compact subset K
and a positive constant § > 0 such that for all measurable set B C K with |z (B) < 6,

sup / Gi(x, y)|F(y.2)|G1(z, w)
(r.w)eX xX J(K\B)x(K\B))° Gi(x,w)

N(y.dz)pnu(dy) <e.

If F satisfies the above inequality for G(x, y), we say that F belongs to the class A o,0.

(c) F is said to be in the class #, if F € 4 and if the measure p| | satisfies that
for any € > 0 there exist a compact subset K and a positive constant § > 0 such that
for all measurable set B C K with ur|(B) < 6,

/ Gi(x,y)G1(y, 2)
K<UB

>up Gi(x.2)

(x,z)EXxX

wr|(dy) <e.

The class #4,, is defined in the same way as Ao,0.

In the sequel we assume that F is symmetric, F(x,y) = F(y,x). We write
U+ F € Koo+ Arifu € Keoand F € Ay, For u + F € Koo + A, We define the
symmetric Dirichlet form (¢, ) by

Er(u,u) = €9, u)
4 [ () — u()2eF & J(dx. dy) + / u(x)2k (dx).
XxX X

We set
Fy=ef —1. (3.2)

We easily see from the boundedness of F that the function F; also belongs to Class
#>. We now define another bilinear form §4+F by

e (wu) = &p (u,u) — (/Xuzdu—l—/XuzduFl)

=&(u,u) — ([Xuzd,u

T / WU P NG Y () ). e T
XxX
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From Albeverio and Ma [2] (Theorem 4.1) and [3] (Proposition 3.3) we see that
(8**TF % is a lower semi-bounded closed symmetric form. Denote by £, £F and
FHHF the self-adjoint operators associated with (&, %), (€r,¥) and (E#+F, F)
respectively. Then £ and ##+F are formally written by

err—zf+( [X () = FENFL (e DIV G dy) e ()
and

HHEf =L f v uuFf +uf =25 f+unVEf+uf

where
paff = ( /X FOIF )N G d) s @),
paVEf = ( /X Fl(x,y)mx,dy))f(x)uH(dx).

Let {p”TF3,. ¢ be the L2-semigroup generated by Je#+F: phtF — exp(rger+F).
Then it was shown in Ying [48], Chen-Song [14] that the semigroup {pﬁ‘+F}t>0 is

expressed by
P F(x) = Exfexp(4: (i + F)) £(X1)],

where A;(u + F) = A (1) + Y ges<r F(Xs—, X;5).

Next two theorems on the generalized Feynman—Kac semigroups {pﬁ‘+F}t>0 fol-
lows from Albeverio, Blanchard and Ma [1], Theorem 4.1, and Chung [15], Theorem 2,
respectively.

Theorem 3.2. Let u + F € Koo + Joo- Thereexist constants ¢ and « (. + F) such

that

+F F
Py | Kb,

pp S ce I <p<oo, t>0.

Here, || - ||, meansthe operator normfrom L? (X ;m) to L? (X ;m).

Theorem 3.3. Suppose that a symmetric Markov process M isin Class (I1). Then for
WA F € Koo+ Foor P (Coo(X)) C Coo(X) and plf ™7 (B4 (X)) C Cp(X).

Tawara [43] proved the next proposition which is an extension of Proposition 3.1
in Azencott [4]. For a Borel set A, let o4 be the first hitting time of 4, 04 = inf{¢t >
0:X, €A}

Proposition 3.4. A symmetric Markov process M in Class (11) possesses the following
properties.
@ For g >0and f € Coo(X),

lim G f(x) = 0.
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(b) For t > 0 and a compact set K,
lim Py(og <t) =0.
X—>00
(c) For B > 0 and a compact set K,
lim E.[e #%] = 0.
X—>00
We see from Proposition 3.4 that for a symmetric Markov process M in Class (I1),
P (C0) € Cux), lim pi T f (o) = lim f(0, (33)

where C,,(X) is the space of uniformly continuous bounded functions on X such that
limy_ o f(x) exists. The property (3.3) is crucial to study the rate function defined in
Section 4.

4 Donsker—Varadhan typelarge deviation principle

For a symmetric Markov process, its Dirichlet form governs the Donsker—Varadhan
large deviation principle, that is, the rate function is identified with the Dirichlet form.
Therefore, we can expect that if the symmetric Markov process obeys the large deviation
principle, then the L2-theory is more dominant. In this section, we extend Donsker—
Varadhan type large deviations to symmetric Markov processes with Feynman—-Kac
functional. In this case the rate function is not identified with a Dirichlet form but a
Schrodinger form.
Let u € Koo and F € A,. We define the function /gu+r on £ (X) by

EHE/F V) fv=f-m, JfeF

otherwise.

I€M+F(V) = {
Let L, € P(X) be the normalized occupation distribution, that is, for 0 < ¢ < ¢,

Li(A) = ;/Ot Lu(X,)ds, A e B(X). (4.1)

We then have the lower bound estimate.

Theorem 4.1 ([27], Theorem 4.1). For eachopenset G C P (X),

1
liminf = logE, [exp(4;(u + F)): L, € G.t <] > — inf Igusr(v). (4.2)
t—oo veG

We obtain the next theorem by the same argument as in [39].
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Theorem 4.2. Assume that a symmetric Markov process M is in Class (I). Then for
each closed set K C P (X),

1
limsup — log sup E [exp(A;(u + F)); L, € K, t <] < — in}‘( Tgu+r (V).
ve

t—00 xeX

We will show in Section 6 that the infimum of /¢ .+ # (v) is attained at the normalized
ground state of the generalized Schrédinger operator 04+ . Inthis sense, Theorem 4.1
and Theorem 4.2 is regarded as a large deviation principle form not the invariant measure
but the ground state. The essential idea of the proof of Theorem 4.1 and Theorem 4.2
lies in Donsker—Varadhan [20]; however, since A, (i + F) is not a function of L,, we
need to extend Donsker—Varadhan’s argument to Markov processes with Feynman—-Kac
functional.

A key to the proof of Theorem 4.1 is the fact that any irreducible symmetric Markov
process can be transformed to a symmetric ergodic process by a certain supermartingale
multiplicative functional ([13]). A one-dimensional absorbing Brownian motion can be
transformed to a symmetric ergodic diffusion by a drift transform. Using this fact, they
proved in Donsker—Varadhan [20] the lower estimate for the one-dimensional Brownian
motion. To prove the ergodicity, they used the Feller test, while we apply an ergodic
theorem in the Dirichlet form theory.

A key to the proof of Theorem 4.2 is the definition of a suitable I-function. More
precisely, define k(i + F) by

1 F
K+ F) = lim —10g |7} floo,co-

We see from Theorem 3.2 that «(u + F) is finite. For o > x(u + F), the resolvent
GLF s defined by

Gutt s =i [ h

e—az+At(u+F)f(Xt)dt], f e Bp(X).
0

We set
Dy (HHEY =AGETE f ra > k(u + F), f € L*(X;m) N Cp(X),
f =0and f # 0}.

Each function ¢ = G&”Ff € D4 (FHH+F)jsstrictly positive because Py (oo < &) >
0forany x € X by Assumption I. Here O isanon-empty openset{x € X : f(x) > 0}.
We define the generator ##+F by

HEFy =qu— f, u=GHTE f e D (HHTE),
Suppose that i + F € Koo + 4, is gaugeable, that is,

sup IEx[eAf(”JrF)] < 00
xeX
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and let h(x) = E [exp (4¢ (1 + F))]. The function h(x) is strictly positive, h(x) >
¢ > 0. Indeed, it follows from Proposition 2.2 in [11] and the definition of g, that for
e Keand F € doo, SUPcE Ex(A’ngF) < oo. Hence, by Jensen’s inequality,

inf ]Ex(exp(A’;JrF)) > 0.
xeX

After consideration of the Feynman—Kac functional, we define the modified I-function
by

M+F¢
1 V) = — inf v eP. 4.3
;H—F( ) ¢E®+(3€M+F) ¢—|—€h ( )
€>0

We need to add strictly positive functions e/, because the function ##* ¥ ¢ /¢ is
not always in Cp(X). Since £ (X) is equipped with the weak topology, it is crucial
for the proof of Theorem 4.2 that the function ¢—¢ belongs to Cp(X); in fact, we
show the upper bound with this modified I-function 7, . The function # is said to
be a gauge function and a necessary and sufficient condition for the measure © + F
being gaugeable is known (cf. [12]). An important remark on the proof of Theorem 4.1
and Theorem 4.2 is that we have only to prove these theorems for the B-subprocess
of M, the killed process by exp(—pt), B > 0. Owing to this, we may assume that
M is transient. In addition, we may assume that u + F is gaugeable because every
Green-tight measure becomes gaugeable with respect to the 8-subprocess of M for
a large enough B([12], Theorem 3.4). The B-subprocess is a useful tool of studying
Markov processes. It is worth to point out that this tool becomes available by extending
the large deviation to symmetric Markov processes with finite lifetime.

The next proposition says that this modified I-function can be identified with the
Schrodinger form.

Proposition 4.3. It holdsthat for v € £ (X),
Lk () = Tgurr (v).

In [34] we proved Theorem 4.1 for symmetric Markov processes without Feynman-—
Kac functional. We there used the identity function 1 for the gauge function % in order
to define the I-function. Note that the identity function is excessive for the Markov
semigroup generated by £ and the gauge function # is excessive for the Schrédinger
semigroup generated by J##* . Hence we can regard the function 7,4 F as an exten-
sion of the I-function in [34]. In [35] we proved the upper bound (ii) for each compact
set of & without assuming (2.1). We did not need to add ¢/ in (4.3) because the Markov
process was supposed to be conservative and the I-function was defined by taking the
infimum over uniformly positive functions in a domain of #*+. We would like to
emphasize that the function 1, is independent of 4 if the function 4 is uniformly
positive and bounded, that is, /,,+ F is identical to the Schrodinger form (1.2).

When the Markov process M be in Class (I1), Theorem 4.2 does not hold generally.
We thus first extend the Markov process M and the I-function; we define the transition
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density p;(x,dy) on (Xeo, B(Xoo)): for £ € B(Xoo),

pi(x, E\{o0}), x€X,

pi(x.E) = {5 (E) X = 00.

Let M be the Markov process on X, With transition probability p; (x, dy), that is, an
extension of M with oo being a trap. Furthermore, for u + F € Ko + 42, let the

semigroup {5 1,0 and the resolvent {G4 " }o- (s Fy OF M:

P f(x) = Exlexp(A, (1 + F)) £(XO],

GUHF f(x) = /Ooo T f(de, f € By(Xoo).

Here, k(i + F) is the constant in Theorem 3.2. Then GXF £(x) = GLTF f(x) for
x € X and GLTF f(o0) = f(o0)/ar. Set

D (HTEY ={p =G g a>k(u+ F), g € C(Xoo) With g > 0}.

We see that for ¢ = G4 g € Dy (HHHF), limysoo p(x) = g(00)/a by (3.3).
Let us define the function ,,4 r on & (X« ), the set of probability measures on X, by

_ ) JontF
Iiyr(v) =— inf_ / ¢dv,
peDy (FoutF)yJxs @

where JHHF ¢ = GETF g — g for ¢ = GE1F g € Dy (JOHTF),

Note that M has the Feller property, while it has no longer the strong Feller property.
In the proof of the large deviation upper bound for a Markov process with compact state
space, we need only the Feller property. Hence we have

Theorem 4.4 (Kim [27], Remark 4.1). For each closed set K C £ (X o),

lim sup — Iog sup Ey [exp(A;(u + F)); L, € K] < — in;{ L+ F(v). (4.4)
Ve

t—>00 xeX

5 L?-independence of growth bounds

When the symmetric Markov process M is in Class (1), we have the next theorem by
applying Theorem 4.1 and Theorem 4.3t0 G = K = P (X).

Theorem 5.1. If M isinClass(l), then A,(u + F) isindependent of p.

In the remainder of this section, we assume that M is in Class (I1). We note that
the rate function 7, ¢ in Theorem 4.4 is defined on the space of probability measures
on X, not on X. In this sense the adjoined point co makes a contribution to the rate
function. We see that

I_;H-F (6o0) =0, (5.1)
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because H*HFp(c0) = ag(o0) — g(oo) = g(oo) — g(oo) = 0 for any ¢ €
Dip(HTE), P(Xoo) \ {800} and (0, 1] x P (X) are in one-to-one correspondence
through the map

v E P (Xoo) \ {8c0} = (0(X), D() = v(-)/v(X)) € (0, 1] x P(X). (5.2)
Lemmab.2. Forv € £(Xeo) \ {800},
Lk (V) = Ly p (V) = v(X) - Tgurr (D).

Proof. For ¢ = G Fg € Do (JHTF), Fr+Fp(oo) = 0 and HHHFp(x) =
FHHHE ¢ (x) for x € X. Hence forv € P (Xoo),

_ . JeHutF
Luyr(v) = — inf_ / d)dv
peDy (FutF) X @

J(M+F¢

dv

in
PED {4 (FHTTF) /X

. JeutF
=— inf v(X)/ ¢dﬁ
PED 4 (FntF) X ¢

=v(X) - lgu+r (D). O
We have the next equality through the one-to-one map (5.2):

inf I, = inf 0.1 '
PEP (Xoo)\{6oo} prF (V) 0<951,vej,(x)( gu+r (V)

In addition, noting that 7,,+ r (80) = 0, we have the next corollary.

Corollary 5.3.
inf  I4rp(v)= inf (6 inf )18u+F(U)). (5.3)

veP (Xoo) 0<6<1 veP (X
wt+F p+F .
Let us denote by ||p; "~ |lp,, the operator norm of p; from L?(X;m) to
LP(X;m) and define

1 F
Ap( + F) == lim —log||p}™ " lpp. 1= p=oo.

We then have:

Corollary 5.4. For u + F € Koo + A2,

Aol + F) > inf (8 inf Tguwir (V) = inf (OA2(1 + F). (5.4)

0<6<1 VE

Noting that if A,(u + F) < 0, then info<g<1 (OA2(n + F)) = A2(n + F), we
have:
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Corollary 5.5. If A,(u + F) <0, then
Aoo(t + F) = Aa(p + F).

The inequality, A (i + F) > Aoo(u + F), generally holds. Indeed,

PITE f(x) = Exlexp(A, (1 + F)) £(X,)]
< (Ex[exp(A: (1t + F)) f2(XODY? - (Ex[exp(4, (n + F))'/?

and
1T F12 < 1P () SUp Ex[exp(: (1 + F))L
xe

By the symmetry and the positivity of pﬁ”F ,

1P (I = [X FE2PEFT100)m(dx) < 1£13 - 18+ lloosoo-

Hence we have [ o/ [l22 < [p£* oo, and thus Az(u + F) > Aco(it + F).
Moreover, by the Riesz—Thorin interpolation theorem,

+F +F +F
12t 22 < 1287 Mlpp < 1PF 7" llocoes 1= p < 00,

Therefore, we can conclude that
I+ F)<0 = l(u+F)=l(u+F), 1<p<oo. (5.5)

We see that if A,(i + F) > 0, then Ao (it + F) = 0. Indeed, if A,(u + F) > 0,
then by Corollary 5.4

A Fy>= inf 6 inf I = inf 6(4 F)) =0.
ol + F)z 10T 0 It Tentr(v) = Inf 6(a(n+F))

On the other hand, it follows from (3.3) that lim,_, pﬁ”Fl(x) = 1. Therefore,

12" loo.00 = 1, which implies that Ao (1 + F) < 0.

Theorem 5.6. Assumethat M isinClass(Il). Let u + F € Koo + 2. Then Ao (u +
F)=A,(n+ F)forall < p <ocifandonlyif A2(x + F) < 0. In particular, if
Aa(p+ F) > 0,then Aoo(n + F) = 0.

Example 5.1 (Brownian motion on H?). We consider the Brownian motion on the
hyperbolic space H¢ (d > 2), the diffusion process generated by the Laplace—Beltrami
operator (1/2)A. The corresponding Dirichlet form (&, ¥) is as follows:

1
Eu,u) = —f (Vu,Vv)dm, u,vey,
2 Hd
¥ = the closure of C$°(HY) with respectto & + (, ),

where m is the Riemannian volume.
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The Brownian motion is in Class (I1). Hence Ao, = 0, while

: 1(d—1)?
Ay =inf{&u,u)|uecd, |ul=1}= —(—) .
2 2
Hence the L?-independence does not hold; However, by adding a Kato measure p € 4,
with A,(u) < 0, the LP-independence is recovered. In fact, we consider ## =
1/2A + &, where &, is the surface measure of the sphere centred the origin with
radius r.
@d=2:
(i) 0<r<ry = Ax(s) =0, A2(5;) > 0.
(i)y)r >r9g >0 = A,(8,) = A2(8,), 1 < p < o0.
Here rg is a unique solution of

(e" —e ") log (er + 1) =

e’ —1

(0)d > 3:
Aoo(8) =0, A2(8,) >0, r>0.

Corollary 5.7. Suppose that M is transient. If A,(0) = 0, then the growth bound

of the Feynman—Kac semigroup {pﬁ”F}t>0 is LP-independent for any u + F €

Koo,0 + A2,0.

Proof. The boundedness of F implies that there exists a constant C’ such that
Er(u,u) < C'8(u,u)forallu € F. Consequently, we have

6+ () = Ertu) — ([ wdpr, + [ i)
X X

<C'&(u,u)— (/ u?dur, +/ uzdu).
X X

Hence, in order to show that A, (u + F) < 0, it is enough to prove that A,(u) < 0 for
any u € Koo,0. To this end, we have only to prove that for any positive 1 € Koo,0,

Ao(p) = inf {E(u,u) —1—/ u?du u e 5‘7] u?dm = 1} =0.
X X
Noting that by Theorem 3.1
R0 = (800 + [ wtdp) = (1 + [Gulw)S @), ueF,
X

we have the desired claim. O

For a compact set K C X, define the subspace Fxc of ¥ by

Fre={ueF :u=0,qe.onKk}.
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We then see that (&, Fx<) is regarded as a regular Dirichlet form on L2(K¢;m) by
identifying the space L%.(X;m) = {u € L*(X:m) : u = 0, m-ae. on K} with
L?(K¢;m), The Dirichlet form (&, Fx<) is said to be the part of the Dirichlet form
(&, %) on the open set K¢. Denote by £ the self-adjoint operator associated with
(€, Fke).

Remark 5.1. Let o(£x) be the spectrum of £ x. Assume that for any compact set K,
info(£x) =0. (5.6)

Then, Corollary 5.7 holds without the transience condition. Indeed, for u € Koo,
Aa(i) = inf {S(Lt,u) +/ W2 ueF, / w2dm = 1}
X X

§inf{8(u,u)+/uzdu:ue?}a-,/uzdmzl}.
X X

By assumption (5.6) and Theorem 3.1, the right-hand side is dominated by ||G1 i k< |l oo
(mge() = w(K€N)), and |Giuke|loo tends to zero as K 1 X. We see that the
assumption (5.6) is fulfilled for spatially homogeneous symmetric Lévy processes.

The uniform upper bound in Theorem 4.2 is crucial for the proof of L?-independ-
ence, and so is the condition (2.1). As stated in Remark 2.2 (iii), we see that a one-
dimensional diffusion process satisfies (2.1), if no boundaries are natural in Feller’s
boundary classification. As a result, the L?-independence holds if no boundaries are
natural. We see by exactly the same argument as in [39] that if one of the boundary
points is natural, then the L?-independence holds if and only if the L2-growth bound
is non-positive. For example, consider the one-dimensional diffusion process with
generator (1/2)A+k-d/dx on (—oo, 00). Here k isa constant. Then both boundaries
are natural and 1, (0) equals k2 /2, while 1, (0) = 0 because of the conservativeness.
Consequently, Theorem 4.2 does not hold when K are the whole space #. This example
was given in [22]. Next consider the Ornstein—Uhlenbeck process, the diffusion process
generated by (1/2)A — x - d/dx on (—oo, 00). Then both boundaries are natural and
A2(0) and A, (0) are zero, consequently the L?-independence follows. We would like
to remark that the uniform upper bound (ii) does not hold true, while the locally uniform
upper bound was shown in [22]. In this sense, we can say that the L ?-independence of
the Ornstein—Uhlenbeck operator holds for the reason that A,(0) = 0.

Let M = (P, X;) be a symmetric Lévy process with Lévy exponent :

Ex (exp(i(§. X)) = exp(—t ¥ (§)).

Assume that
/ eVOYE <00, Vi>0, (5.7)
R4

We can show that the assumption (5.7) implies the strong Feller property and A, (0)
equals 0. Hence, A, (u + F) < 0forany u € Koo + 5 and the L?-independence of
Ap(p + F) follows.
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If the Lévy measure J of M is exponentially localized, that is, there exists a positive
constant § such that

/ ¥ J(dx) < oo, (5.8)
[x|>1

we can prove inthe same way as in [35] that for . in the class X', A, (i) is independent of
p. Forexample, the Lévy measure of the relativistic Schrédinger process, the symmetric
Lévy process generated by ~/—A + m2 —m, m > 0, satisfies (5.8) (Carmona, Master
and Simon [10]). On the other hand, the Lévy measure of the symmetric a-stable
process on R is (K, a)/|x|d+°‘) dx, and is not exponentially localized, though its
Lévy exponent satisfies (5.7). This is the reason why we need to restrict the class of
potentials to Koo + 5.

As a useful approach in proving the large deviation principle, the Gértner-Ellis
theorem is well known ([19], Section 2.3). To apply the Géartner—Ellis theorem, we
shall show first that the limit

C(9) = lim ; logE, [exp(fA4,(u + F))]. 60 eR! (5.9)

exists ([19], Assumption 2.3.2). We call the limit the logarithmic moment generat-
ing function of A,(u + F). The existence of the limit (5.9) follows from the L~?-
independence proved in this section. Indeed,

~22(6(u -+ F)) < limsup  1og B [exp(0 (s + F))
t—>0o0

1
< limsup —log sup E, [exp(64;(u + F))]

t=oo I cRa
= —doo(O( + F)) = —22(0(n + F)).

We thus see that —A,(8(n + F)) is the logarithmic moment generating function of
Let /(1) be the Fenchel-Legendre transform of C(0) := —A,(6(u + F)):
I(A) = sup{A6 —C(0)}, A eR.
6eR
If the function C(0) is essentially smooth, in particular, differentiable on R, we can
establish the large deviation principle A,(u + F)/t with the rate function /(A1) by
applying the Gartner—Ellis theorem. For example, we have:

Theorem 5.8 ([42]). Let P, be a symmetric a-stable process on R¢ and assume that
d < 2a. Then for a positive function F € A,, A;(F)/t obeys the large deviation
principle with the rate function 7(1) :

(i) For eachclosed set K € R,
A (F)

lim sup;logIP’x( € K) < —)Em; I(}).
€

—>00
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(ii) For eachopenset G C R,

| A (F) ) .
IltrglorgfglogIP’x( ; eG z—l{ngl(A).

6 A largedeviation principle for normalized Markov processes

Varadhan [45] gave an abstract formulation for the large deviation principle. Theo-
rem 4.1 and Theorem 4.2 are slightly different from the lower estimate and the upper
estimate in his formulation. We show in this section that if the symmetric Markov
process M is in Class (I), the normalized process obeys the large deviation principle
in Varadhan’s formulation. According to this modification, Theorem 4.1 and Theo-
rem 4.2 can be regarded as a large deviation from the ground state of the generalized
Schrédinger operator, that is, the minimizer in the right-hand side of (1.4).

We show the existence of the ground state. Let {u,}5>, C ¥ be a minimizing
sequence in (1.4), that is, [[un |2 = 1 and Aa(i + F) = limy— 00 8*F (uy, u,). Put
W =|p|+ |pF,|. Then u’ € Koo and by Theorem 3.1

fxuﬁdu’ < NGapt' oo (€ (n,up) + ).
Since &(uy,uy) < c&p Uy, uy,), we have
EMHE (unutn) = EF (Un.un) = [ Gapt oo (6 (. ) + )
> =6t )~ Gk o (6t ua) + )

_ (1 — |Gt [loo
c

)€ Gun. 1) ~ Gt e
Choosing « so large that 1 — ¢||Gg it/ ||co > 0, we have

En ty) < ——————
P T 1= | Ga |l oo

and thus sup,, & (u,, u,) < oco. Hence we see from (2.1) and (3.1) that for any € > 0
there exists a compact set K such that

(6" (up,tn) + )| Gatt[loo) »

sup | up-dm < [|Gilge|loo - (SUP € (tn utn) + 1) <e,
n K¢ n

which implies the tightness of {u2m}2° ; in #(X). Hence there exists a subsequence
{uﬁkm},‘;"zl such that uﬁkm converges weakly to a probability measure v. Since the
function Ig.+r is lower semi-continuous by Proposition 4.3,

Tgutr (v) < liminf Igusr 2 m) = liminf 47F (uy, ,u,,) < oco.
k—o0 k k—o0

Therefore, using Proposition 4.3 again, we see that v is expressed by v = ¢gm, ¢ €
. The function ¢y is just the ground state, A(u + F) = &*TF (¢, o). The
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uniqueness of the ground state follows from Assumption (1) (see Proposition 1.4.3 in
[17]). Therefore we have:

Proposition 6.1 ([41]). Assumethat M isinClass(l). Thenthereexistsauniqueground
state ¢ of HHHF in 7.

In the proof of the existence of the ground state, we usually use the 8{L+F -weak
compactness of {u,}°° , in ¥ and the lower semi-continuity of &#+F with respect to
the 8{‘+F—Weak topology (e.g. [28]). On the other hand, we here use the tightness of
{uzm}> |, C P(X) and the lower semi-continuity of the function T+ F with respect
to the weak topology in & (X). To this end, the identification of the I-function with the
Schrédinger form plays a crucial role.

Define the probability measure O, ; on 2 (X) by

EyledWtF). 1, € Bt <]

E,[ed:+F); < ] . B € B(P(X)). (6.1)

Qx,t (B) =

Here L, is the occupation distribution defined as in (4.1). Define the function J on
P(X) by
J(v) = Tgu+r(v) = A2(u + F). (6.2)

We see from Lemma 6.2 below that the function J possesses the properties as a rate
function in the large deviation principle.

Lemma 6.2. The function J satisfies the following:
Ho<JW) <oo.
(ii) J islower semicontinuous.
(iii) For each I < oo, theset {v € P (X) : J(v) <[} iscompact.
(iv) J(¢3 -m) = 0and J(v) > O for v # @2 - m

Remark 6.1. Let (%0, ¥90) the bilinear form on L2(X; ¢2m) defined by

€% (u,v) = &"*F (ugo, ucpo) — da(it + F),
Fo ={ue L?(X;pam) :upo € F).

We then see that (%0, 7 %0) is a Dirichlet form and &% is expressed by
€% (u,v) = /};‘p(z)dﬂ“?u,v)_l—/); X\A(u(x)—u(y))(v(x)—v(y))¢o(x)¢o(y)J(dx7 dy)

([13]). Moreover, we see that

J() = Igay (v), (6.3)

where I, is defined by

Igon () ={ Q) ifv=f-¢tm, [f eF, 64

otherwise.
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We have the next large deviation principle ([41]):

Theorem 6.3. ([41]) Let M be a symmetric Markov process in Class (). Let u be
ameasurein K and F a function in 4,. Define by (6.1) the family {Q ;}:>0 Of
probability measures on L (X). Then {Qx}:>0 Obeys the large deviation principle
with rate function J:

(i) For eachopenset G C P (X),

1
liminf —log Qx; (G) = — inf J(v).
t—oo veG
(ii) For each closed set K € P (X),

lim sup ; log O« (K) < —vlrg( J().

—>00

Corollary 6.4. The measure Q . ; weakly converges to 8¢(2),m ast — oo.

Proof. If a closed set K does not contain ¢2 - m, then it follows by Lemma 6.2 (iv)
that infxegx J(x) > 0. Hence Theorem 6.3 (ii) says that lim;—.c Q«(K) = 0 and
lim; 500 O« (K¢) = 1. Foraconstant § > 0 and a bounded continuous function f on
P(X),definetheclosedset K € P(X)by K = {v € P(X) : | f(v)—f(¢2-m)| > §}.
Then we have

\ / FO0) Oxa(dv) — (@3- m>|
P(X)
< / ) = (@2 - m)| Qe (dv)
P(X)

= [ 1F0) = 13 mQutav) + [ 170) = 1@ -m)| Qv
= 2[flloo Qx.t (K) 4+ 8Qx (K*) — &
ast — oo. Since § is arbitrary, the proof of the corollary is complete. O

On account of Corollary 6.4, we can regard Theorem 6.3 as a large deviation from
the ground state.
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Some recent progress on functional inequalities
and applications

Feng-Yu Wang*

1 Introduction

Let H be a separable Hilbert space and (L, D (L)) a negatively definite self-adjoint
operator on H generating a contraction Cy-semigroup P;. Let (€, D(&)) be the asso-
ciated quadric form. Wehave 6(f, g) = —(f. Lg) for f,g € D(L). Itiswell known
that || P;|| < /€ if and only if the Poincaré inequality

I£1* < C&f f). feDE).

holds. Thisinequality is also equivalent to inf 6(—L) > 1/C, where ¢ (-) stands for
the spectrum of alinear operator.

We shall introduce a Poincaré type inequality to describe the essential spectrum of
L (Section 2), then apply to Dirichlet forms to cover some earlier results (Section 3).
The Poincaré type inequality is also equivalent to the exponential decay of P, in the
tail norm (Section 4). In Section 5 we shall use the super Poincaré inequality for
diffusionsto investigate Talagrand type transportation-cost inequalities with super cost
functions. Finally, we focus on functional inequalities on manifolds with unbounded
below curvature (Section 6) and manifolds with non-convex boundary (Section 7). For
applications of functional inequalitiesto isoperimetric/cost inequalities, werefer to[2],
[71, 18], [10], [11], [14], [16] and references therein.

2 Poincarétypeinequality on Hilbert spaces

Let (L, D(L)) beanegative definite self-adjoint operator on a separable Hilbert space
H, and let (&, D(&)) be the associate quadratic from. For B C H, let

Ifll+ = sup{l{/f. &)l : ¢ € B}, feH.

We shall use the following Poincaré type inequality to study the essential spectrum
of L:

LA1? < r&(L f)+ BN fIFe. 7> r0. f € D). (21)

whererg > 0 isaconstant and 8: (rg, c0) — (0, o0) isa(decreasing) function.

Let oess(L) be the essential spectrum of L, which consists of limit points in the
spectrum o (L) and isolated eigenvalues of L with infinite multiplicity. The following
Wey!'s criterion on the essential spectrum isvery useful in our study.

*Supported in part by SRFDP and the Fundamental Research Funds for the Central University.
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Theorem 2.1 (Weyl’scriterion). A € oes(L) if and only if there exists an orthonormal
sequence { f,, }»>1 in H such that

1
1L =Ml <=0 n=1.

Thefollowing result isdueto [30], which provides a correspondence between upper
bound of the essential spectrum for — L and the Poincaré type inequality (2.1).

Theorem 2.2. Let ry > 0. Then the following statements are equivalent:
(1) oess(—L) C [rg", 00).

(2) Thereexist acompact set B C H and afunction : (rg, 00) — (0, co) such that
(2.2) holds.

(3) Thereexistr > 0and B C H suchthat P; B isrelatively compact and (2.1) holds
for some : (rg, 00) — (0, 0).

Proof. Since P, sendscompact setsinto compact sets, it is obviousthat (2) implies (3).
(1) = (2). Letr > ro, wehave [0, 77! N oess(—L) = 0. S0, the spectrum of —L
in [0, 7] consists of finitely many eigenvalues including multiplicities. Let

Ao S A = S Ay,

be all eigenvalues of —L in [0, »~!] counting multiplicities, and { f; }o<i<n, the corre-
sponding uniteigenvectors. Forany f € D(§&), consider the orthogonal decomposition

f=r+r. f’=i‘;(ﬁﬁ)ﬁ-
Let {Ex}1>0 bethe spectral family of —L. Then,—by spectral representation
6(.1) = [ B )
> [ 2 )

=7 [ dE )
=R

LA =112+ 1P < r€CL )+ ) (i )P (22)
i=0

Since the spectrum of —L isdiscretein [0, ry!), let

Ao <A<
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beall eigenvaluesincluding multiplicities, and { f; } the corresponding unit eigenvectors.
Let
B={0.n+ 1) f,:n>0}

Then B is compact and

Ry

YL +n) SUp |(£.8)I” = (s + 1 f I+
ge

i=0

Combining this with (2.2), we prove (2.1) for B(r) = (1 + n,)3.
(3) = (1). We need the following lemma.

Lemma 2.3. Let { f,} bean orthonormal sequence. Then lim, . || fz |18+ = 0 holds
for any relatively compact set B.

Let P, B be relatively compact and let (2.1) hold. We intend to prove that for any
A € oes(—L), Onehas A > ry!. By Weyl's criterion, there exists an orthonormal
sequence { f,} suchthat ||Lf, + Afu|| < 1.n > 1. So,

—n°

d
&”Pan”z = 2(PsLfu, Ps fn) = _ZAHPan“Z + &n(s),

where |e,(s)| < 2n~'. Thus,

t
_ d s
PP = = [C S pfulPe 00

t
= / en(s)e 29,
0

Thisimplies
lim 1P: fol> = €72 (2.3)
n—

Now, by (2.1) and noting that || P; f ||+ = || f Il(p, B)*, We Obtain
1Pe full> < =r (Pt fus PeLfn) + B Pe full3s
< PMIP Sl + =+ B liZp gy 7> To.
By Lemma 2.3 and (2.3), letting n — oo in the above inequality, we arrive at
e M < ppe 10, > 1.
Thus, A > ryt. O

Recall that alinear operator on aBanach spaceiscalled compact, if it sendsbounded
setsinto relatively compact sets. Let P, = €L, Itiswell known that P; iscompact for
some/al t > 0 if and only if oess(L) = 0.
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Theorem 2.4. The following statements are equivalent to each other:
(D) oes(L) = 2.
(2) (2.1) holdsfor ro = 0, some compact set B and some $: (0, co) — (0, 00).

(3) Thereexistst > 0 and B suchthat P; B isrelatively compact and (2.1) holds for
ro = 0 and some §: (0, 00) — (0, c0).

(4) P, iscompact for somet > 0.

(5) P, iscompact for all ¢ > 0.

3 Poincarétypeinequality for Dirichlet forms

Consider H = L?(y) for ac-finite complete measurespace (E, 7, ). Let (6, D(8))
be a symmetric Dirichlet formin L2(u). We shall study (2.1) for

B =By :={g: |g|l = ¢},

where ¢ > 0 isafixed functionin L2 (). Inthis case

£l = sup [p(gf)l = w(plfD-

lgl<¢

In particular, if u is finite we may take ¢ = 1 such that w(¢|f]) = | fIl.. The
following result is taken from [28] with asimpler proof.

Theorem 3.1. Let ro > 0. If dess(—L) C [ry!, 00), then for any ¢ € L?(w) with
¢ > 0 u-a.e thereexists §: (rg, 0c0) — (0, oo) such that

1(f?) =r&€(L f)+ BMR@ISD? 1> 10, f € D(E). 3.1

Proof. By Theorem2.2, thereisacompactset B C L2 (i) andafunction: (ro, 00) —
(0, 00) such that

w(f?) <r&(f )+ B fI3e. r>ro. f €DE). (3.2
Forany g € Band f € D(8), we have
n(lfegh) < Ru@| £ + n(l fellge)>re})
< Ru(plf) + vVi(f?»e(R), R>0,

where
&(R) 1= sup pu(g>lqg|>rp}). R > 0.
g€B

Then
1f 13+ < 2R?u(@] £ 1) + 2e(R)u(f2).
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Combining this with (3.2) we obtain
W(f?) < SE(L ) +2BORP1@I S + 2B)e(Rn(f?). s > ro.
If limg_,o e(R) = 0, then for any r > ry the set
Ay = {(s,R) € (ro.7) x (0,00) : 5 <r(1—2B(s)e(R))} # 0.
By the above inequality, for (s, R) € A, we have

) s ¢ 2B(s)R? )
BUP) = i 6O )4 i1 )
2 2

<r6(f )+ —POR i)

1—2B(s)e(R)
Therefore, (3.1) holds for

2B(s)R?
1 —2B(s)e(R)

Hence it remains to prove e(R) — 0 as R — oo. Since B is compact, for any ¢ > 0
thereexist f1,..., fm € B suchthat U”_, B(fi,e) D B. Thenforany g € B, there
exists1 <i <m suchthat g € B(f;,¢). In particular, there exists a constant C > 0
such that u(g?) < C foral g € B. Thus,

B(r) = inf {

:(s,R)eA,}<oo, r > ro.

1(8% gl=pRy) — 26 = 20( 7 1(g|>R))
< 2u(f? \g<r-12y) + 20( [ 115 R1/2})
= zﬂ(fizl{:bSR—l/z}) +2Mu(|g| > Rl/z) +2/i(fi21{fl.2>M})
2MC

= Zﬂ(ﬂ21{¢5R—1/2}) + 2M(fi21{f[2>M}) + R

Thisimplies that

- 2MC
e(R) <2 {u(fPlig<g-1/2) + 2u(]}21{fl_z>M})} + et 262,

i=1

Therefore,

m
H 2 2
dim &(R) <267 + 22}M(f,. Lir2sny):
im
By thedominated convergencetheorem, letting first M — oo, thene — 0, wecomplete
the proof. O

According to Theorem 2.2, to prove that (3.1) implies oess(—L) C [ry !, 00), we
need to verify that P; By is relatively compact for somes > 0. To thisend, we assume
that P, hasadensity p;(x, y) with respect to u. The following theorem is dueto [25]
and [17].
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Theorem 3.2. Assumethat for some¢ > 0 the operator P, hasa density p; (x, y) with
respectto u, i.e.,

P f Z/Epz(-,y)f(y)u(dy)

holdsin L?(u). Then for any positive ¢ € L?(n) and B: (rg, 00) — (0,00), (3.1)
implies oess(—L) C [ry!, 00).

Proof. By Theorem 2.2, it suffices to show that P; By is relatively compact, i.e., for
any sequence { f,} C By, the sequence { P; f, } has a convergent subsequence. Since
| fx] < ¢, the sequence {%} is bounded in L°°(u) and hence, is weak*-relatively
compact. Let g € L°°(u) and { f,, } be asubsequence of { f,,} suchthat f,, — gin
L*° () inthe weak*-topology, i.e.,

Jim wh(fud™' —2) =0, helLl().

Sincefor u-ae. x,

Pi(x) = /E pee. NS ((dy) < oo,

we have p;(x,-)¢ € L'(n) and hence,
k'L”;o | Pt fny (x) — Pr(gp)(x)]

= im [0((fo, = 967" pe(x.99})| =0, p-ae
Moreover, since | f, | < ¢,

|Pr for |+ [Pe(gh)] < (1 + llglloo) Prgp € L2 ().
By the dominated convergence theorem || P; f,,, — P:(g$)|» — 0 ask — oo. O

Remark 3.3. Theassumptionontheexistenceof density in Theorem 3.2 canbereplaced
by the existence of asymptotic density: a linear operator is said to have asymptotic
density wr.t. u if there exists a sequence of linear operators{ P, } having densitiesw.r.t.
psuchthat | P, — P|l, > 0asn — oco. A factisthat any compact operator has
asymptotic density. See 83.1.3 in [31] for details.

Due to this remark, we have the following consequences.

Corallary 3.4. Assume that P, has asymptotic density for some ¢ > 0. Then the
following are equivalent:

(1) Thereexist¢ > 0inL2(u)andsomefB: (ry, o0) — (0, o0) suchthat (3.1) holds.
(2) Forany¢ > 0in L2(u), thereexists B: (ry, o0) — (0, oo) such that (3.1) holds.
(3) Oess(—L) C [rgt, 00).
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Coroallary 3.5. The following are equivalent:
(1) P, iscompact for some/any ¢ > 0.

(2) P, has asymptotic density for some ¢ > 0 and there exist ¢ > 0 in L?(u) and
some B: (0, 00) — (0, 0o0) such that (3.1) holds for ro = 0.

(3) P; hasasymptotic density for anyz > 0, and for any ¢ > 0in L? () thereexists
B: (0,00) — (0, 00) such that (3.1) holdsfor ro = 0.

(4) oes(—L) = 0.

As aconclusion of this section, we present the following result on (3.1) which can
be easily verified by splitting arguments.

Proposition 3.6. If (3.1) holds for some positive ¢ € L?(w) and some : (ro, 00) —
(0, 00), then for any ¢ > 0 such that ¢ € L?(u) there e><|sts,3 (ro,00) = (0,00)
such that

1w(f?) <r&(f )+ Bru@lfD* feDE), r>ro.

4 Exponential decay of the semigroup in thetail norm

Let P be abounded linear operator on L2(). For any ¢, v > 0 with ¢, ¥ € L?(u)
we have

2\1/2
lim sup [(PH)Igps-rullz = Jim sup p((PfI—Re)T)'".
R—00 <1 0| flla<1

So, the above limits are independent of the choices of ¢ and . We call the limit tail
normof P, and denoteitby || P| 7.

Theorem 4.1. Let rg > 0 befixed. Then
(1) (38.1) implies || P||r < e /™ forall r > 0;

(2) if || P;|l7 < e*/70 holdsfor somet > 0, then for any strictly positive¢ € L2(u)
thereexists 8 : (rg, 00) — (0, 0o) such that (3.1) holds.

Proof. (1) For € L?(u) with | f|l2 < 1, let h(t) = u((P; f)?),t > 0. Then (3.1)
implies
n(t) = —28(sz P f)

<2hy+ 2O ugip 1y

< —%h(r) v mu(lflecb) r> .
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By Gronwall’s lemma
. r 2 r . r ! s/r
ppf Py < et PO air [y ripg s
0

for r > ro. Since dueto Jensen’sinequality (P, f)* < P, f T, forany R > 0 we have

w((IP:f| = RP:)?) < u((P(|f] — R$)T)?)
<oy 20 (1~ Rg)* Pup)’dls
r 0

28(r) !
< g 2t/ + @/o M(1{|f‘>R¢,}(Ps¢)2)dS, r>ryp.
In the last step we have used the fact that

w((f1— R¢)+Ps¢)2 < u(lg 1> rey (Ps®)?) (1 f | — R¢)+2)
< u(lqs>rey(Ps9)?).

Moreover,

1((Psp)* 1y £1>Rg})
< 1u((Ps)*Lig<r-1/2y) + L((Ps@)* 1 p1= r1/2})
< W((Ps9)?Lig<p-1/2) + L((Ps$)*Lipygs piay) + R'Zu( f] > RY?)
= M((Ps¢)21{¢<R—l/2}) + /’L((PS¢)21{PS¢>R1/4}) + RV = ep(s) > 0

as R — oo. So, by the dominated convergence theorem,

_ . 2
| Pell7 —e72/7 < lim sup (P f] = RPi§)*)

TP fl2=1

< M lim /teR(s)ds =0, r>rp.
0

r R—o0
Thisimplies || P;||7 < e/70 by letting r | ro.

(2) On the other hand, suppose that || P;||7 < e7*/70 holds for some ¢ > 0. For
any strictly positive ¢ € L?(u) weintend to construct 8 : (r, o0) — (0, oo) such that
(8.1) holds. Forany r > rg, letr; = %(r +rg) € (ro,r). SO, thereexists R, > 0 such
that

sup (P f)*Lgp, fi>gr,y) < € 2170
1fl2<1

Thisimplies

(P f)?) < €2 4 Rop(gl P 1), n(f?) =1
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Let {E)}1>0 be the spectral family of —L. Then A — E,(f, f) is a probability
distribution function on [0, co). By the Jensen inequality,

WP f)?) = / HAEL(f. f)
0

o0 s/t
< ( /0 e HMAE; (f, f)) = WP s € (0.0),
Therefore,

P((Ps f)?) < {27 4+ Rl P DY, s € (0,0).

Since equality holds at s = 0, we are able to take derivatives for both sides to derive
1 —2t/r 1 2t 1 2t/ry
—28(f,f)§;log{e ! +Rrﬂ(¢|Ptf|)}§—;'Z+;Rre w(@| P f1)

2 1 2
< - + ;RreZ’/r‘u((Pz¢)|f|) =—+ Ct,r)u((Pp)| f)?

2
where C(t,r) = %(% — %)_1%345/’"1.

w(f?) <r&(f, )+ %C(l,r)/i((P@)lfl)z, r>ro.

Since P;¢ € L?(u), this implies that for any ¢ > 0 with ¢ € L?(u) there exists
B: (rg,00) — (0, 00) such that (3.1) holds. O

Corollary 4.2. The following statements are equivalent to each other:
(1) (3.1) holds for ro = 0, some positive ¢ € L?(u) and some B : (0, 00) — (0, 00).
2) | P¢llr =0 forallt > 0.
3) |1 P¢llr = 0 for somet > 0.

5 Links to transportation-cost inequalities

Let (E, p) be a Polish space and u a probability measure on E. For p > 1 we define
the L?-Wasserstein distance (or the L?-transportation cost) by

1/p
Weoni={ it [ peyyaardn)
ne€C(ui,u2) JEXE

for probability measures w1, (2 on E, where € (i1, (t2) is the class of probability
measures on E x E with marginal distributions @ and p,.
According to [9], Corollary 4,

WE(fu ) < Cu(flog ), =0, u(f) =1,
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holds for some C > 0 provided 1(e**©)*”) < oo for some A > 0, where o € E is
afixed point. Seeaso [15] for p = 1. Furthermore, applying Theorem 1.15 in [18]
with ¢(x, y) = p(x, y)? and a(r) = r??, we conclude that for any ¢ € [1,2p),

WO )P < Cu(flog f),  f =0, u(f) =1, (5.1)

holds for some C > 0 if and only if p(€*°©)*”) < oo for some A > 0.
In general, however, this concentration of x does not imply (5.1) for ¢ = 2p. For

instance, due to [5], there exist plentiful examples with 1(e*7©)%) < oo for some
A > 0 but the Poincaré inequality does not hold, which is weaker than the Talagrand
inequality (see[20], Section 7, or [4], Section 4.1):

Wy (f)? < Cu(flog f),  f =0, u(f) =1

Therefore, to derive (5.1) with ¢ = 2 p, one needs something stronger than the corre-
sponding concentration of .
In this section we aim to derive (5.1) withg = 2p, i.e,

WS (fu. )*? < Cu(flog ), [ =0, u(f)=1. (5.2)
on a connected complete Riemannian manifold M for the Riemannian distance p, by
using the super Poincaré inequalities

w(f?) < (V2 + B fD)? r>0, feCyh(M), (5.3)

where 5: (0,00) — (0, 00) is a decreasing function. The advantage of (5.2) is its
tensorization property. Moreprecisely, dueto theinduction argumentin[22], Section 3,
if (5.2) holdsfor pairs (u;, p;),i = 1,...,n,thenit aso holdsfor the product measure
M1 X+ X iy and

n 1/2p
Pn(X1s ooy Xn3 Y15y V) :={Zpi(xi,y,-)21’} :
i=1

To derive (5.2) from (5.3), we first prove the weighted |og-Sobolev inequality

u(f2log f2) < Cufao p(o, )V, u(f*) =1, (54)
where « is a positive function determined by 8 in (5.3). By Theorem 1.1in [29] (see
aso [20], [4]), (5.4) implies

WP (fu. )* < Cu(flog f),  f=0.u(f%) =1, (5.5
where p, isthe Riemannian distance induced by the metric
, 1
(X,Y)Y = ——(X,Y), X, Y eTM, xeM.
a o p(o, x)

Thefollowing result is due to [33].
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Theorem 5.1. Let u(dx) = €"®dx for some V € C(M) be a probability measure
on M. Assume that (5.3) holds for some positive decreasing 8 € C((0, oo)) such that

n(s) == (10g(29))(1 A B~ (s/2)), s>1

isbounded, where 8~ 1(s) := inf{t > 0: B(¢) < s}. Then (5.4) holdsfor some C > 0
and
a(s) ;= sup {n(t) > ! } s> 0.
u(p(o,") =5 —2)

Consequently, (5.5) holds.

Since i (p(o, -) > s—2) canbeestimated by using known concentration of x induced
by the super Poincaré inequality, one may determine the function « in Theorem 5.1
by using 8 only. But in general the formulation is quite complicated, so we consider
below some specific situations as consequences.

Corollary 5.2. Let$§ € (1,2).
(a) (5.3) with B(r) = exp[c(1 + r~'/%)] implies (5.4) with
a(s) := (1 4 5)726-D/C=9
and (5.5) with p(x, y) replaced by

p(x, y)(1 + p(o,x) Vv p(o, y))(8—1)/(2—8).
Consequently, it implies

W) sy (f1t. ¥ CD < Cu(flog f), w(f)=1,f>0,  (56)
for some constant C > 0.

(b) If V € C?(M) with Ric — Hessy bounded below, then the following are equiv-
alent to each other:

(1) (5.3) with B(r) = exp[c(1 4 r~'/%)] for some constant ¢ > 0;
(2) (5.4) witha(s) := (1 4 5)~26-1/C=9 for some C > 0;
(3) (5.5) for some C > 0 and p,(x, y) replaced by

p(x, ¥)(1 + p(0.x) V p(o, )G~/
(4) (5.6) for some C > 0;
(5) p(exp[Ap(o, )2/ @ 9]) < oo for some A > 0.

We remark that (5.3) with 8(r) = explc(1 + r~1/%)] for some ¢ > 0 is equivalent
to the following log®-Sobolev inequality (see [24], [25], [17], [31] for more general
results on (5.3) and the F-Sobolev inequality)

w(f2log? (1+ f2) < (VS P) + Coy p(f?) =1

Since dueto [25], Corollary 5.3, if (5.3) holdswith 8(r) = exp[c(1 + r~'/%)] for some
§ > 2 then M has to be compact, as a complement to Corollary 5.2 we consider the
critical case § = 2 in the next corollary.
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Corollary 5.3. (5.3) with 8(r) = exp[c(1 + r~'/2)] for somec > 0 implies (5.4) with
a(s) := e 1% for somecy, > 0 and (5.5) with py (x, y) replaced by

o(x, y)ECz[p(o,X)VP(o,y)]
for some ¢,. If Ric — Hessy isbounded below, they are all equivalent to the concen-
tration . (exp[e!*©)]) < oo for some A > 0.

Example 5.4. Let Ric be bounded below. Let V € C(M) besuchthat V + ap(o, -)°
is bounded for somea > 0 and o > 2. By Corollaries 2.5 and 3.3 in [24], (5.3) holds
for B(r) = explc(1 + r~°/2@=D] Then Corollary 5.2 implies

W (fr.w)® = Cu(flog f), f=0, u(f)=1,

for some constant C > 0. In thisinequality o cannot not be replaced by any larger
number, since W > W/ and for any p > 1 theinequality

WE(fu.)? < Cu(flog f), f =0, u(f) =1,

implies 1(e**©)”) < oo for some A > 0, which fails when p > o for u specified
above.

Example 5.5. In the situation of Example 5.4 but let V' + exp[cp(o, )] be bounded
for some ¢ > 0. Then by [24], Corollaries 2.5 and 3.3, (5.3) holds with 8(r) =
exp[c’(1 + r—1/2)] for some ¢’ > 0. Hence, by Corollary 5.3,

p(x, y)2e& P r(dx, dy) < Cu(flog f), f =0, u(f) =1,
(5.7)

inf /
wE€C (s fL) JMxM

holds for some ¢, C > 0.
On the other hand, it is easy to see that (5.7) implies u(exp[exp(Ap(o, -))]) < oo
for any A > 0, which isthe exact concentration property of the given measure .

6 L og-Sobolev inequality with unbounded below curvature

Let M bead-dimensiona complete connected non-compact Riemannian manifold and
V € C2(M) such that

Z :=/ e"®dx < oo, (6.1)
M

where dx is the volume measure on M. Let pu(dx) = Z~'€"®dx. Under (6.1) it
iseasy to seethat Hy'' (1) = W>'(u), where H.*' (w) is the completion of C¢ (M)
under the Sobolev norm || £ [|2.1 := u(f2+|V.£|?)'/2, and W21 () isthe completion
of theclass{f € CY(M): f +|Vf| € L?(w)} under | - |2.1. Thenthe L-diffusion
process is non-explosive and its semigroup P; is uniquely determined. Moreover, P;
issymmetricin L?(u) sothat u is P;-invariant. It iswell known by the Bakry—Emery
criterion that (see[3])
Ric—Hessy > K
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for some constant K > 0 implies the Gross log-Sobolev inequality [19]:

R(F210g 7% = [ f710g f2du < Cu(VSP). (%) = 1. f € ')

M 6.2)
forC = 2/K. Thisresult wasextended by Chen and the author [ 13] to the situation that
Ric—Hessy isuniformly positive outside acompact set. Inthe casethat Ric—Hessy is
bounded bel ow, sufficient concentration conditions of w for (6.2) to hold are presented
in[26], [1], [27]. Obviously, for a condition on Ric — Hessy the Ricci curvature and
—Hessy play the samerole.

In this section we aim to study the log-Sobolev inequality with Ric — Hessy un-
bounded below. We shall search for the weakest possibility of curvature lower bound
for the log-Sobolev inequality to hold under the condition

— Hessy > 6 outside acompact set (6.3)

for some constant § > 0. This condition is reasonable as the log-Sobolev inequality
implies /.(e*?3) < oo for some A > 0.
It turns out that under (6.3) the optimal curvature lower bound condition for (6.2)
to hold is of type
i}\r}f{RiC +02p2} > —00 (6.4)

for some constant ¢ > 0. The following result is proved in [34].

Theorem 6.1. Assume that (6.3) and (6.4) hold for some constants ¢, §, > 0 with
§ > (1 + +/2)o+/d — 1. Then (6.2) holds for some C > 0.

More precisely, let 6, > 0 be the smallest positive constant such that for any
connected complete non-compact Riemannian manifold M and V € C?(M) such that
Z = [,,€"®dx < oo, the conditions (6.3) and (6.4) with § > o6p~/d — 1 imply
(6.2) for some C > 0. Dueto Theorem 6.1 and Example 6.2 below, we conclude that

0o € [1, 1+ \/5]
The exact value of 6, however is unknown.
Example6.2. Let M = R? be equipped with the rotationally symmetric metric

ds? = dr? + {reét"*}%d6?

under the polar coordinates (r, 8) € [0, c0) x S! at 0, wherek > 0 isaconstant. Then
(seeeg. [17)) g
—(r r
Ric = —%ﬂ) = —4k — 4k*r?.
Thus, (6.4) holds for o = 2k. Next, take V = —kp2 — A(p2 + 1)!/2 for some A > 0.
By the Hessian comparison theorem and the negativity of the sectional curvature, we
obtain (6.3) for § = 2k. Snced =2 and

@ dx = rg 0+ 2 g4, (6.5)
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onehas Z < oo and § = 2k = o+ d — 1. But the log-Sobolev inequality is not valid
since by Herbst'sinequality it impliesu(e”’«z)) < oo for some r > 0, which is however
not the case dueto (6.5). Snceinthisexampleonehasé > o8+/d — 1forany 8 < 1,
according to the definition of 8y we conclude that 6, > 1.

7 Functional inequalities on non-convex manifolds

In this part we assume that M is a connected, (non-compact) complete Riemannian
manifold with boundary 9M ,and L = A+ VV for some V suchthat uu(dx) = e”®dx
is a probability measure on M. We intend to study functiona inequalities for the
Dirichlet form

6(f.8) =u((V Vg, figeCy(M).

When dM is conve, i.e., the second fundamental form I on dM is positive, all known
resultson functional inequalities proved for manifol dswithout boundary remaintrue. In
particular, if Ric—Hessy > ¢ for some constant ¢ > 0 then the log-Sobolev inequality
holds:

p(f2109 %) < 29 1), p(fH =1, 7.0

From this one may hopethat if Ric — Hessy > ¢ for largec > 0 and I > —e for small
& > 0 there would hold alog-Sobolev inequality.

Thisis however not true since the second fundamental form and the curvature play
different roles in the study of functional inequalities. Indeed, we have the following
result dueto [35].

Theorem 7.1. For any ¢ > 0 and any probability measure 1o on R? with full support,
there exists a smooth connected domain M C R? with connected dM suchthat Iy, >
—e, but for any C > 0 the Poincaré inequality

po(f21a) < Cuo(Ip|Vf1?), po(lpf) =0
does not hold.

S0, to study the log-Sobolev inequality on non-convex manifolds, one needs more
than lower bounds of the curvature and the second fundamental form.

Theorem 7.2 ([32]). Let I > —o for some o > 0. For any positive function ¢ €
C(M) suchthat N log¢|sym > o, the boundary oM is convex under the new metric

(2 )o 1= 072(0).

The above result enables us to derive functional inequalities on non-convex mani-
foldsby using known resultsestablished on convex manifolds. Forinstance, let A; bethe
first Neumann eigenvalue of A on ad-dimensional compact Riemannian manifold M
with non-convex boundary oM, let .« be the normalized Riemannian volume measure,
and let D bethe diameter of M.
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Foranyc €e R, D > 0andd € N, let A(d, ¢, D) be a universal lower bound
estimate for the first Neumann eigenvalue of L := A 4+ VV on a d-dimensional
connected compact convex Riemannian manifold with Ric—Hessy: > —c and diameter
< D.

Let A’ and V' be the Laplacian and gradient of the induced by (-, -),. Let

L' :=AN +(d—-2)¢Ve.
Then L’ is symmetric w.r.t.
o = 2n/n(@™?).

Moreover, ,

e vy = KUV

(V' LV fY)y =212

pe((V' 1V f) 1(9=2)

So, letting A} be the first Neumann eigenvalue of L', we have
(inf ™*)Var, (f) < plp™*)Var, (f)

-2
<O (A Y
1

_ v rr
= (VP

Therefore,
/
A1
supg?’

AL >

To estimate A, we note that
o 2 2 1 2
Ric' — (d — 2)Hessyy, > —¢°K — d|Vo|* + EAgo ,

where Ric’ and Hess' are the Ricci curvature and the Hess tensor induced by (-, ),
respectively. When ¢ > 1 onehas D’ < D. Therefore:

Theorem 7.3 ([32]). Let Ric > —K,I > —o. For any smooth ¢ > 1 such that
Nlogglagym > o, let

Ky = sup{p*K + d|Ve|* — L1 A¢?}.
Then
_ Md.Ky. D)
T supg?

Taking ¢ = h o py for smooth & > 1 with #/(0) > oh(0), and using second
variational formulafor pj in order to estimate K, we obtain explicit lower bounds for
A1. Tomake & o py smooth, one has to take 4 to be constant on [rg, o0), where rg is

A
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the injectivity radius of dM . For such a choice of &, one obtains explicit lower bound
forA;.

In general, we can easily apply the argument to entropy inequalities. Let ® beaC?
convex function.

Ent; (/) = w(@(f)) = P(u(f) = 0
is called the ®-entropy w.r.t. «. Consider the largest constant g > 0 such that

1
Ent}(f) < au@”(f)lvflz)-

When ®(s) = slogs, it reduces to the log-Sobolev inequality.

Letag(d, K, D) beauniversal lower bound of ag for A+ V¥V on convex connected
manifold M of dimensional d, diameter < D and Ric — Hessy > —K. In the same
spirit of Theorem 7.3, there holds

ao(d, K, D)
o > ————— 7
sup ¢

If OM is convex outside a compact set, we only have to make alocal change of
metric so that the M is convex under the new metric. Since under a local change
of metric functional inequalities can be kept up to a constant, some known result on
log-Sobolev inequality proved for convex case can be reproved for locally non-convex
case. For instance, we have the following result using concentration of u (see [35]).

Theorem 7.4. Let p, = p(o,-) for afixed pointo € M. Assumethat for some compact
set My C M onehaslyy > 0on(dM)\ My and Ric— Hessy > —K on M \ M, for
some K € R.

(1) If u(e*5) < oo holds for some & > £ then the log-Sobolev inequality (7.1)
holds for somec > 0.

2)IfB(A) = ,u(e*pg) < oo for any A > 0, then the super |og-Sobolev inequality

w(f2log f2) < rp(IVFIP) +cr AD)2Bc/(r A ), n(fH)=1r>0

holds for some constant ¢ > 0. Consequently, the Neumann semigroup P, generated
by L = A + VV issupercontractive, i.e., || Pt 12(,)— 14y < oo forall z > 0.

By using a perturbation argument, the log-Sobolev inegquality is aso established in
[35] for aclass of globally non-convex manifolds specified in the following result.

Theorem 7.5. Assumethat I, isbounded, Ric > —K for some K > 0, the sectional
curvature of M is bounded above, and the injectivity radius of oM is positive. |f
(N, VV) is bounded below and there exist ¢,/ > 0 and o € (0,3/4) such that ¢ >

&' /(n — 1)K and the function

—a|VV2 = AV — €'V + ¢p,
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is bounded above on M, then (7.1) holds for some C > 0. If furthermore for some
o €(0,3/4),
—ra|VV2=rAV =V +p, < ¢(r), r >0,

holds for some positive function ¢ on (0, co), then the super log-Sobolev inequality

n(f210g f2) < ru(IVf 1) + ¢ + ¢(r) + % log(c(r™" + 1)), >0, u(f?) =1
holds.

Toillustrate Theorems 7.4 and 7.5, we present below two examples.

Example7.6. Let M beasmooth connected unbounded domainina Cartan—Hadamard
manifold with Ric > — K for some constant Ko > 0. Let dM be convex outside a
compact set and |V + Apf| is bounded for some A, p > 0ando € M. If p = 2 and
A > Ko/4 then (7.1) holds for some C > 0. If p > 2 then the super log-Sobolev
inequality holds so that P; is supercontractive.

Proof. Since the log-Sobolev inequality is stable under bounded perturbations of 17,
we may simply assumethat V = —Apf. By the Hessian comparison theorem (recall
that the sectional inequalities are non-positive for Cartan—Hadamard manifolds),

Ric — Hessy > —Ko + Ap(p —2)pE 2.

So, if p = 2 then Ric — Hessy > —K holds for K = Ky — 2A. Since the Ricci
curvature is bounded below, the volume of geodesic balls grows at most exponentially
fastinradius. Soif A > Ky/4then A > K/2 sothat forany A’ € (K/2, 1) we have

o0
2 () — 2
/ ek/p"du < cz/ g A=ADstersgs < oo
M 0

for some ¢y, ¢, > 0. Therefore, (7.1) follows by Theorem 7.4. Next, if p > 2 then
u(erpg) < oo fordl r > 0 sothat P, issuper contractive due to the same theorem.
O

Example 7.7. Let M satisfy the assumption of Theorem 7.5. Let 1 € C§°([0, o)) for
ro > 0 smaller than the injectivity radius of dM such that 4#(0) = 0 and #/(0) = 1.
Then¢ := hopy € C®(M) bytaking ¢ = 0for py > ro. If |V + A(p2 — 2p,¢)| iS
bounded for some A > 0 and o € dM, then (7.1) holds for some C > 0. If moreover
(N, Vp2) isbounded above, then (7.1) holdsfor V suchthat |V + Ap?2| isbounded for
some A > 0.

Proof. Since the log-Sobolev inequality is stable under bounded perturbations of V7,
for the first case we may assumethat V = —A (02 — 2p,¢). Inthis case

(VV.N) =2Apo(1 = (N.Vp,)) = 0.
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Since|Vp,| = 1, Ap? < C(1+ p,) for some C > 0 and A pj isbounded on {ps < ro}
by the Laplacian comparison theorems for p, and py, there exists a constant C; > 0
such that

—0|VV 2 = AV — €'V 4+ gpg < (€A —40A?)p2 + C1(1 + po),

which is bounded above for ¢ € (0,404) and ¢ > ¢'\/(n —1)K. Then, by Theo-
rem 7.5, (7.1) holds for some C > 0. The proof for the second case is similar. O

Acknowledgement. The author would like to thank the referee for a careful reading
and corrections.
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