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Abstract. These notes are based on lectures delivered by Schehr at the XVIth
School on Fundamental Problems in Statistical Physics, held in Oropa (Italy)
from 30 June to 11 July 2025. After a brief introduction to extreme value statis-
tics (EVSs) for independent and identically distributed random variables, we
discuss several paradigmatic examples of strongly correlated systems where clas-
sical extreme value theory no longer applies. In particular, we focus on time
series generated by random walks and Brownian motion, as well as on eigenvalue
statistics in random matrix theory. Emphasis is placed on applications of EVSs
to fundamental problems in statistical physics and disordered systems, including
the Random Energy Model, stochastic search problems, as well as fluctuating
interfaces, and directed polymers in random media within the Kardar–Parisi–
Zhang universality class.
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1. Introduction

Rare events are uncommon by nature, but their consequences can be disproportion-
ately large and a single extreme occurrence may dominate the overall outcome of a
process. This is clearly illustrated in the environmental sciences [1], where events such
as earthquakes, heat waves, or unusually large ocean waves can cause significant damage
despite their infrequent occurrence. Similar issues arise in finance and actuarial science
[2], where one is often interested in identifying exceptionally high or low stock prices
and understanding their impact.

Beyond these applied fields, rare events also play an essential role in the physics of
complex systems [3–7]; for recent reviews, see [8, 9]. Many physical systems, especially
those containing impurities or disorder, can be described in terms of an energy landscape
with a large number of accessible states. At low temperatures, the system preferentially
occupies the lowest-energy states, while higher-energy states contribute very little. As
a result, the thermodynamic properties are largely determined by a small number of
particularly low-energy configurations.

The dynamics of such systems is influenced in a similar way. When a system evolves
in time, it must overcome energy barriers to move from one state to another. At low
temperatures and over long time scales, the dynamics is controlled by the highest barri-
ers. Consequently, physical observables such as free energy or relaxation time are often
governed by extreme values rather than by typical ones. This naturally leads to the
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Figure 1. An example of a time series, here, a set of IID variables with Gaussian
distribution with zero mean and unit variance.

expectation that sample-to-sample fluctuations of these physical observables will carry
clear signatures of extreme value statistics (EVSs).

To illustrate the basic ideas, we consider a collection of N random variables
x1,x2, . . . ,xN , which may be interpreted as successive observations of a stochastic pro-
cess. We denote the maximum of this collection by

Xmax =max{x1,x2, . . . ,xN} , (1)

and the minimum by

Xmin =min{x1,x2, . . . ,xN} . (2)

Throughout this work, we interpret the index i as a discrete time variable, so that the
ordered set {x1,x2, . . . ,xN} will be referred to as a time series. An example of a time
series with the resulting Xmax is presented in figure 1. Such a framework arises naturally
in many applications. For instance, xi may denote the daily maximum temperature
recorded at a given location; in this case, Xmax represents the highest temperature
observed over a period of N days. In a financial context, xi may correspond to the value
of a stock at the close of trading on day i, so that Xmax and Xmin describe the largest
and smallest prices attained during the observation window. As another example, in
physics or engineering applications, xi may represent successive measurements of stress,
energy, or signal amplitude, where the extreme values characterize rare but potentially
critical events.

The random variables Xmax and Xmin are referred to as extreme values. The study
of their statistical properties forms the basis of EVSs, see, e.g. [8–14]. We begin by
introducing the cumulative distribution function (CDF) of Xmax, defined as

Qmax (w,N) = Prob.(Xmax ⩽ w) . (3)

https://doi.org/10.1088/1742-5468/ae76fd 3
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In the case of independent and identically distributed (IID) random variables
x1,x2, . . . ,xN , in the limit of N →∞, appropriately rescaling Qmax with N renders its
limiting form that falls into one of three universality classes, namely the Gumbel, the
Weibull, and the Fréchet class, which we discuss in section 2.3 below. This fact, known
as Gnedenko’s classical law of extremes [11], can be regarded as the EVSs counterpart
of the well-known central limit theorem describing the limiting distribution of a sample
mean of IID variables. For a detailed discussion of the connections between these two
types of observables, we refer the reader to [15].

The description of the statistical properties of Xmax in terms of the three classical
universality classes of the extreme value theory, although elegant, is not exhaustive. In
many applications, one is instead faced with strongly correlated random variables, for
which these results no longer apply. As an illustrative example from actuarial science,
first consider a simple model for the price of a stock, described by the stochastic process
[2, 16, 17]

Sn = exp(σxn) , (4)

where σ > 0 is the volatility, and xn evolves according to the recursive relation

xn = xn−1+ ηn, (5)

with {ηn} being a sequence of independent Gaussian random variables with zero mean
and the correlation function 〈ηnηn′〉= δn,n ′, where δn,n ′ denotes the Kronecker delta.
The process {xn} is therefore a discrete-time random walk (RW) for which 〈xnxn′〉=
min(n,n ′). As a consequence, the stock prices Sn and Sn′ are strongly correlated for
n 6= n ′. Owing to these correlations, one expects —and we shall show below—that the
EVSs of Sn (or equivalently of xn) are not described by any of the classical laws derived
for IID random variables. In section 3, we will discuss in more detail the EVSs of a time
series generated by a RW, such as xn in equation (5).

In statistical physics, particularly in the context of disordered systems, such as spin
glasses, particles diffusing in random potentials, and polymers in random media, one
usually has to deal with strongly correlated random variables. A well-known model
of a particle’s motion in an energy landscape, Sinai’s model [18], may serve as an
example. There, the particle’s position z(t) evolves according to overdamped dynamics
in a random potential V (z), which, as a function of the position z, is a Brownian
motion—the continuum limit of the RW described above in equation (5). Thus, the
energy landscape V (z) exhibits strong spatial correlations. At low temperatures, the
particle will be trapped in the vicinity of zmin—see figure 2(a). Hence, these EVSs
are reflected in the probability distribution of the particle’s position in equilibrium.
Similarly, the largest energy barrier of the landscape V (z) — see figure 2(a)— provides
information about the transport properties of the particle in this disordered medium.
As another emblematic example, let us consider a two-dimensional directed polymer in
a random medium [19–26], which is modeled by a two-dimensional lattice with random
quenched IID energies ϵi,j on each site (i,j). Two configurations of such polymers are

https://doi.org/10.1088/1742-5468/ae76fd 4
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Figure 2. Examples of disordered systems where the description of the EVSs plays
a key role in understanding their physical properties. Panel (a) shows a graph rep-
resenting particle diffusion in a rough energy landscape (e.g. Sinai’s model). Here,
zmax and zmin denote respectively the positions of the maximum and the minimum
of the potential V (z). Panel (b) shows a representation of two configurations of
a directed polymer on a square lattice. Note that they are correlated, since they
share sites after the second, fifth, and eighth steps.

presented in figure 2(b). The energy of an n-step directed polymer on such a lattice is
given by the sum of energies of the sites visited by the polymer

E (C) =
∑

⟨i,j⟩∈C

ϵi,j, (6)

which is a random variable. It turns out that the optimal (highest) energy of the polymer

Emax =max
C

E (C) (7)

follows the same statistics as the largest eigenvalue of a random matrix, which we will
discuss in more detail in section 4.

The two examples illustrated in figure 2, together with the additional cases discussed
in section 3 and 4, demonstrate that EVSs emerge naturally across a wide range of fun-
damental problems in statistical physics. Conversely, as we show below, many standard
questions in EVSs can be formulated as statistical mechanics problems [10].

EVSs as a basic statistical mechanics problem. Let us denote the joint probability
distribution function (PDF) of xi’s by Pjoint(x1,x2, . . . ,xN ). We notice that the CDF of
Xmax can be expressed as

Qmax (w,N) = Prob.(x1 ⩽ w,x2 ⩽ w, . . . ,xN ⩽ w)

=

ˆ w

−∞
dx1

ˆ w

−∞
dx2 . . .

ˆ w

−∞
dxNPjoint (x1,x2, . . . ,xN ) . (8)

https://doi.org/10.1088/1742-5468/ae76fd 5
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This crucial expression (8) is the starting point of most of the analytical approaches
in EVSs. It follows from the equivalence between the events {Xmax ⩽ w} and {x1 ⩽
w, x2 ⩽ w, · · · , xN ⩽ w}. Indeed, if the maximum of a set is ⩽ w, then all elements of
this set are ⩽ w and, similarly, if all elements of a set are ⩽ w, then their maximum
⩽ w. In order to make a connection with equilibrium statistical mechanics, we introduce
an ‘energy’ E of a configuration of xi’s according to

E (x1,x2, . . . ,xN ) =− lnPjoint (x1,x2, . . . ,xN ) . (9)

This allows us to cast the expression for the cumulative distribution function (8) in the
form

Qmax (w,N) =

ˆ w

−∞
dx1

ˆ w

−∞
dx2 . . .

ˆ w

−∞
dxN e−E(x1,x2,...,xN ). (10)

The integrand on the right-hand side of equation (10) can be interpreted as the
Boltzmann weight of a configuration of a one-dimensional gas with the corresponding
energy given by equation (9). Notice that the upper limit of integration in equation (10)
corresponds to an infinite potential wall placed at w, as we indicate in the representa-
tion of the resulting physical system in figure 3(a). Hence, Qmax(w,N) can be obtained
by evaluating the partition function of the corresponding one-dimensional gas in the
presence of a hard wall.

In a similar spirit, the cumulative distribution function of the maximum of a time
series can be related to the theory of first-passage time of stochastic processes [10].
Indeed, Qmax(w,N) can be interpreted as the survival probability of a stochastic process
staying below w after N time steps, as presented in figure 3(b). This interpretation
allows us to draw connections between EVSs and the studies of persistence and first-
passage problems, which we will discuss further in the context of RWs and Brownian
motion in section 3.

We end this section by noting that it is possible to not only investigate the statistics
of the maximal or minimal value of the time series, but also the statistics of the k-th
largest value, which we denote as Mk,N , satisfying

Xmax =M1,N >M2,N > .. . >MN ,N =Xmin. (11)

This study of the so-called order statistics goes, however, beyond the scope of these
lecture notes, and we refer the interested reader to [10, 27–29] for more details.

The rest of these notes is organized as follows. In section 2, a brief introduction to
EVSs of a series of IID random variables is given. In section 3, the cases of RWs and
Brownian motion are discussed, and their connection to first-passage problems and sur-
vival probabilities is explained. In section 4, eigenvalue statistics of random matrices and
Tracy–Widom laws are presented, along with their applications to physical problems.
Finally, in section 5, we present conclusions as well as more recent developments.

https://doi.org/10.1088/1742-5468/ae76fd 6
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Figure 3. Two physical interpretations of the CDF ofXmax. In panel (a), we provide
an image of N particles on a line in the presence of the wall placed at w. Associating
an energy to configurations of the particles’ positions according to equation (9)
renders the canonical partition function of the system equal to Qmax(w,N), as
indicated in equation (10). In panel (b), we plot a trajectory of a RW. The survival
probability of the trajectory staying below w is equivalent to Qmax(w,N), with N
denoting the number of time steps.

2. EVSs of time series with IID entries

2.1. The typical value µN

In the case of IID variables, it is convenient to consider the cumulative distribution
function of a single variable

Prob.(xi ⩽ x) =

ˆ x

−∞
dx ′p(x ′) , (12)

expressed in terms of the associated PDF p(x), also called the parent distribution, which,
for simplicity, we assume here to be continuous. Since the variables xi’s are independent,
their joint PDF factorizes

Pjoint (x1,x2, . . . ,xN ) = p(x1)p(x2) . . .p(xN ) . (13)

Let us now suppose that the support of the parent distribution is bounded from above,
i.e. that there exists X* ∈ R such that p(x) = 0 for x >X*, and ∀ϵ > 0, p(X*− ϵ)> 0.
In principle, the upper edge can be infinite, i.e. X* →∞, but the discussion turns out
to be simpler if one considers X* finite. An example of such a distribution with X* = 2
is presented in figure 4(a). It turns out that in such a case

Xmax −−−→
N→∞

X*. (14)

When N is large, N � 1, but finite; one can estimate how closeXmax is toX
* by defining

the typical value µN such that almost surely a number of O(1) of xi’s are in the interval

https://doi.org/10.1088/1742-5468/ae76fd 7
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Figure 4. In panel (a), we plot the edge of a distribution p(x) = 2/π
√
1− (x− 1)2

that has a support bounded at X* = 2, and which vanishes as p(x)∝ (X*−x)1/2

as x→X*−. As we discuss further, such a parent distribution falls into the Weibull
universality class with α= 3/2, c.f., equation (43). In panel (b), we provide an
image illustrating that for large enough N , there is almost surely O(1) of variables
xi in the interval [µN ,X

*].

[µN ,X
*], as shown in the depiction provided in figure 4(b). In the case of IID variables,

this definition yields the relation

N

ˆ X*

µN

dxp(x)≈ 1 (15)

which is particularly useful since it allows us to estimate the typical scale of Xmax.
Quite remarkably, this relation (15) has been shown to generalize to EVSs of strongly
correlated systems, such as eigenvalues of random matrices [8, 10]. In such general-
izations, the marginal single-variable PDF plays the role of the parent distribution in
equation (15).

Below, we provide expressions for the typical value for several parent distributions
and we generalize to the case of p(x) with an unbounded support (X* →∞).

Uniform distribution. First, let us consider the uniform distribution

p(x) =

{
1, x ∈ [0,1] ,

0, otherwise,
(16)

for which µN = 1− 1/N . As we will see in equation (45), this result also implies that
the fluctuations of the maximal value Xmax around 1 are of the order O(N−1), since

https://doi.org/10.1088/1742-5468/ae76fd 8
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almost surely there are O(1) variables (including the maximal value) in the interval
[1− 1/N ,1].

Exponential distribution. In this case, the parent distribution has a semi-infinite
support over [0,+∞)—hence X* =+∞—and it reads

p(x) =

{
e−x, for x⩾ 0 ,

0 , for x < 0 .
(17)

Plugging this expression for p(x) into equation (15), one easily finds µN = lnN , which
thus grows unboundedly as N →∞.

Gaussian distribution. In the case of the Gaussian distribution

p(x) =
1√
2πσ2

e−
x2

2σ2 , (18)

which is defined on the full real line, i.e. with X* =+∞ also in this case, one finds
from equation (15) that the typical value diverges as N →∞ as µN = σ

√
2lnN +

O(ln lnN/
√
lnN). Note, however, that µN grows more slowly than in the exponen-

tial case. This is physically reasonable since the probability of observing large values for
a Gaussian distribution is smaller than for an exponential one. We also remark that, in
this case, finite-size corrections turn out to be particularly large [30, 31].

An interesting application of the EVSs of IID Gaussian random variables arises in
the context of the random energy model (REM) [3], which is a well-known and useful
model of a mean-field spin-glass. There, one considers a partition function of the form

ZREM =
M∑
i=1

e−βEi, with M = 2N , (19)

where β = 1/kBT , kB is the Boltzmann constant, T is the temperature, and Ei’s can
be interpreted as the energies of configurations of N Ising spins—hence their number
M = 2N . We assume Ei’s to be IID Gaussian variables with a vanishing mean and
variance which scales with the number of spins according to

〈EiEj〉= δi,j
NJ2

2
. (20)

Here, the scaling with N is chosen so that the model defined by (19) has a well-defined
thermodynamic limit N →∞ (see below), and J is the coupling constant that sets the
energy scale of the spin-spin interactions. A central thermodynamic observable is the
quenched free energy per unit spin

fq =− lim
N→∞

kBT

N
lnZ , (21)

https://doi.org/10.1088/1742-5468/ae76fd 9
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where · · · denotes the average over the disorder, i.e. over the distribution of Ei’s, with
correlations given as in (20). The resulting expression for fq turns out to be of the
form [3]

fq =

−kBT ln2− J2

4kBT
, for T > Tc =

J
kB

1
2
√
ln2

,

−J
√
ln2 , for T < Tc .

(22)

While the finite temperature analysis of (21) requires careful computation—which can
be carried out using different methods (see, for instance, [32])—the zero temperature
result, i.e. the second line of equation (22), can be obtained rather simply using EVSs
for IID Gaussian random variables as follows. As T → 0, the free energy of the system
converges to the ground state energy of the system, and one expects

lim
T→0

fq =
Emin

N
, (23)

where Emin =min1⩽i⩽M Ei. We recall that, here, the random energies Ei’s are IID
Gaussian random variables with zero mean and variance σ2

REM =NJ2/2, which can
be read off from equation (20). Using the symmetry of the Gaussian distribution under
the sign change E →−E, which implies that Emin has the same statistics as −Emax, one
finds, using the aforementioned result for EVSs of Gaussian random variables derived
from (15), that

lim
T→0

fq =
Emin

N
≈−µM

N
≈−σREM

√
2lnM

N
=−J

√
ln2 , (24)

which indeed reproduces the result given in the second line of equation (22).

Cauchy distribution. Another interesting example is the Cauchy distribution

p(x) =
1

π

1

1+x2
. (25)

In this case, the typical value of the maximum µN can be easily obtained from
equation (15), with, again, X* =+∞, and it simply yields µN =N/π +O(1/N).

2.2. An exact formula for the CDF

In the case of IID variables, the exact formula for Qmax(w,N) in equation (8) can
actually be written rather explicitly. Indeed, using the factorization form of the joint
distribution as given in equation (13), a straightforward calculation leads to

Qmax (w,N) =

ˆ w

−∞
dx1

ˆ w

−∞
dx2 . . .

ˆ w

−∞
dxN Pjoint (x1,x2, . . . ,xN ) (26)

=
N∏
i=1

Prob.(xi <w) =

[ˆ w

−∞
dxp(x)

]N
. (27)

https://doi.org/10.1088/1742-5468/ae76fd 10
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Figure 5. In panel (a), we plot the CDF of the maximum of a time series obtained
for N = 2000 IID variables distributed exponentially (17), which fall into the
Gumbel universality class as N →∞. Notice its sigmoidal shape, centered at
w = lnN corresponding to the typical value of Xmax, obtained from equation (15).
In panel (b), we plot the PDFs of the maximum of IID variables falling into the
Gumbel, Fréchet, and Weibull universality classes for ρ = I, II, and III respectively.
The corresponding expressions for the limiting PDFs are given in equations (34),
(40),and (44). Note that the position of the bell-shaped curves is set by aN , whereas
their width is determined by bN—see equation (31).

The expression of the CDF above allows us to express the PDF of Xmax in a neat form

Pmax (w,N) =
d

dw
Qmax (w,N) =Np(w)

[ˆ w

−∞
dxp(x)

]N−1

. (28)

To provide a concrete example, let us consider the case where the parent distribution
is a pure exponential, as in equation (17), for which we have seen above that the typical
value of Xmax is µN = lnN . Making use of the result in equation (27), we write Qmax in
the form

Qmax (w,N) =

[ˆ w

0

dxe−x

]N
=
[
1− e−w

]N
. (29)

To investigate the fluctuations around the typical value, we consider the CDF as a
function of w = µN + z = lnN + z, which yields

Qmax (w = lnN + z) =

[
1− 1

N
e−z

]N
−−−→
N→∞

e−e−z

. (30)

This is the celebrated Gumbel distribution [12], which we plot in figure 5. We note that,
importantly, while considering the N � 1 regime, we expressed the CDF in terms of a
scaling variable of the form

y =
Xmax− aN

bN
(31)
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for which the CDF admits an N -independent form as N →∞. Notice that without such
a rescaling, the right-hand side of equation (27) converges trivially to 0 in the limit of
N →∞, since it is a positive number smaller than 1 to the N -th power. In the case
of the exponential distribution considered above, we found aN = lnN and bN = 1. The
goal of the EVSs for IID random variables, as discussed in the following subsection, is
precisely to find the scaling coefficients aN and bN , and the limiting distribution G(y)
such that limN→∞Qmax(aN + bNy,N) =G(y) for any given parent distribution p(x).

2.3. Universality classes for IID variables

It turns out that, for IID variables, there are only three such limiting distributions

G(y) =Gρ (y) , with ρ= I,II, III, (32)

with the corresponding PDFs denoted by gρ(y) =G ′
ρ(y). The CDF of the maximum,

after appropriate rescaling, falls into one of the three universality classes depending on
the large-x behavior of the parent distribution.

The Gumbel universality class I. First, let us consider the case of p(x) with an
unbounded support, which satisfies

p(x)� x−η , ∀η > 0 as x→∞ , (33)

i.e. it decays, for large x, faster than any power-law. The exponential and Gaussian
distributions studied above naturally fall into this class. This is the so-called Gumbel
universality class for which the limiting distribution is a Gumbel law [12, 33], namely,

GI (y) = e−e−y

, gI (y) = e−y−e−y

. (34)

The centering and scaling coefficients aN and bN , yielding a nontrivial limiting CDF as
N →∞, are given by

aN = µN , (35)

bN =

(´∞
aN

dx(x− aN )p(x)
)

(´∞
aN

dxp(x)
) , (36)

where µN is the typical value introduced in equation (15). For exponentially distributed
random variables, as in (17), for which aN = µN = lnN , one can easily check from
equation (36) that bN = 1, as anticipated above. Hence, in this case, the fluctuations
of the maximum around its typical value aN = µN remain sizeable and of order O(1)
as N →∞. On the other hand, for centered Gaussian random variables of variance
σ2, as in equation (18), for which the typical value is aN = µN ≈ σ

√
2lnN , one finds

from equation (36) that bN ≈ 1/(σ
√
2lnN) as N →∞. Therefore, in contrast with the

exponential case, the fluctuations of Xmax around its typical value aN = µN vanish as
N →∞, and in many cases the distribution of Xmax can be well approximated by a
Dirac delta function centered at aN .
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An interesting application of this property of ‘concentration around the mean’ for the
EVSs of Gaussian IID variables occurs in the simple predator–prey model where a ‘lamb’
is chased by a ‘pride of lions’, as studied, for instance, in [34, 35]. There, one considers
N Brownian particles in one dimension (lions) with positions xi(t), each starting at
the origin and diffusing independently with diffusion constant D. Additionally, at some
x0 > 0, there is a single lamb diffusing freely. It is natural to ask about the survival
probability of the lamb not being captured by any of the lions. Here, due to the one-
dimensional geometry of the system, the lamb will be caught by the rightmost lion,
whose trajectory is

xlead (t) = max
i

xi (t) , (37)

where the subscript ‘lead’ stands here for the ‘leader’. Of course, the lions might change
their order, and one of them may be the leader of the pride for some time until it
is overtaken by another. Note that in this case, since each xi(t) undergoes Brownian
diffusion with diffusion constant D, the distribution of xi(t) at a fixed time t is a

Gaussian random variable as in equation (18) with σ ≡ σBM =
√
2Dt. Computing the

survival probability of the lamb for any finite N is a notoriously difficult problem [36].
However, analytical progress can be made in the limit of large N � 1 by exploiting the
results just mentioned for the EVSs of Gaussian random variables. Specifically, at fixed
t, the distribution of xlead(t) converges, as N →∞, to a Dirac delta function centered

at aN ≈
√
2Dt lnN , and the leader’s trajectory xlead(t) becomes deterministic, namely,

xlead (t)≈
√
2Dt lnN . (38)

Therefore, in this limit N � 1, the survival probability of the lamb not being captured
by the lions coincides with the one obtained for a Brownian particle in the presence of an
absorbing boundary moving deterministically according to equation (38). Interestingly,
this simpler problem can eventually be solved, and the survival probability of the lamb
can be obtained explicitly in the large N limit. We refer the interested reader to [37–
39] for refined studies of the extremal process xlead(t) beyond this simple deterministic
description in equation (38).

The Fréchet universality class II. Next, let us consider the case of a parent dis-
tribution again with an unbounded support, but now characterized by an integrable
power-law tail

p(x)≈ A

xα+1
with A,α > 0 as x→∞. (39)

This is the so-called Fréchet universality class. In this case, the cumulative distribution
function and the corresponding probability distribution function are of the form

GII (y) =

e−y−α

, for y > 0 ,

0 , for y < 0 ,
gII (y) =

 α
yα+1 e

−y−α

, for y > 0 ,

0, for y < 0 ,
(40)
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while the centering and scaling coefficients are given by{
aN = 0 ,

bN = µN ,
(41)

with µN defined in equation (15). In particular, for large N , it behaves as µN ≈
(NA/α)1/α. We note that the resulting PDF of the maximal value follows a power-
law with the same exponent as the parent distribution, i.e. gII(y)∝ 1/yα+1, as it can be
read off from equation (40).

The Weibull universality class III. Finally, let us consider the third and last case
of the so-called Weibull universality class. It concerns a time series of IID variables for
which the parent distribution has a bounded support that behaves as

p(x) = 0 , for x >X* , (42)

p(x)∼
(
X*−x

)α−1

, as x→X*− , (43)

where α > 0. The resulting expressions for the rescaled CDF and PDF are

GIII (y) =

1 , for y > 0 ,

e−|y|α , for y < 0 ,
gIII (y) =

0 , for y > 0 ,

α|y|α−1e−|y|α , for y < 0 ,
(44)

while in this case, the centering and scaling coefficients are given by{
aN =X* ,

bN =X*−µN ,
(45)

where µN is defined in equation (15).
In figure 5(b), we show a plot of the resulting PDFs for all three universality classes:

Gumbel (I), Fréchet (II), and Weibull (III). For the last two cases (II and III), we chose
α= 3/2.

2.4. Weakly correlated random variables

We conclude the discussion of the EVSs of IID variables by generalizing the results to
the case of weakly correlated variables. Let us suppose that the correlations between
the entries of a time series {x1,x2, . . . ,xN} are of the form

Ci,j = 〈xixj〉− 〈xi〉〈xj〉 ∼ e−|i−j|/ξ , (46)

where ξ is the resulting correlation length. In the regime of N � ξ, one can coarse grain
the system by introducing blocks of length ξ. We can then consider the local maxima
of each of these blocks [8]

x̃i =max
{
xiξ+1,xiξ+2, . . . ,x(i+1)ξ

}
, i = 0,1,2, . . .N ′ =N/ξ − 1 (47)
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and notice that the maximum of these local maxima is the global maximum of the
original time series

Xmax =max{x1,x2, . . . ,xN}=max{x̃0, x̃1, x̃2, . . . , x̃N ′} . (48)

However, the entries of the coarse-grained time series {x̃0, x̃2, . . . , x̃N ′} are essentially
uncorrelated. Then, after assessing the parent distribution of the coarse-grained entries
x̃i’s, one can simply use the results known for IID variables described in section 2.3. Note
also that in the case of Gaussian random variables xi’s with stationary correlations, i.e.
Ci,j = c(|i− j|) in equation (46), it has been proved rigorously [40] that if c(x)� 1/ln(x)
as x→∞, then the limiting distribution of Xmax, properly centered and scaled, remains
of the Gumbel form as N →∞. This indeed shows that the results for the EVSs of
IID random variables are actually quite robust and have a much wider range of validity
than the strict IID case.

As a nice and simple application of the EVSs of weakly correlated random variables,
we discuss here the maximum of the Ornstein–Uhlenbeck (OU) process. This process
describes the dynamics of a Brownian particle in a one-dimensional harmonic potential,
evolving via Langevin dynamics

dx

dt
=−µx+ η (t) , (49)

where µ is the strength of a harmonic potential with its minimum at the origin, η is a
Gaussian white noise with a vanishing mean and variance 〈η(t)η(t ′)〉=Dδ(t− t ′), where
D is the diffusivity. We assume that the process is initialized at the origin x(0) = 0. Then,
x(t) is a Gaussian process, which is fully characterized by its two-point function

〈x(t1)x(t2)〉=
D

µ

(
e−µ|t1−t2|− e−µ(t1+t2)

)
. (50)

In the regime of t1, t2 � 1/µ, keeping |t1− t2| fixed (corresponding to the station-
ary dynamics of the OU process), the correlation function decays exponentially
〈x(t1)x(t2)〉 ≈D/µe−µ|t1−t2|, with 1/µ playing the role of the correlation length ξ in
equation (46). This is thus a continuous-time version of the case discussed above—see
equation (46)—which shows that the variables {x(τ)} with τ ∈ [0, t] form a weakly cor-
related (continuous) time series. Therefore, we expect that the limiting CDF of the
maximal value Xmax(t) = max0⩽τ⩽t{x(τ)}, properly centered and scaled, converges to
the Gumbel form (34) as t→∞. In fact, the CDFQmax(w, t) ofXmax(t) can be computed
explicitly [8], and in the limit t→∞, it can be shown that indeed

Qmax (w, t)∼GI

[√
4µ ln t

(
w−

√
ln t

µ

)]
, (51)

where GI is the Gumbel distribution (34). We refer the reader to [8] for more details on
the EVSs of the OU process, as well as to the more recent works [41, 42] for the study
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of other extreme observables of the stationary OU process, such as the time at which
the maximum is reached.

3. EVSs of time series—RWs and Brownian Motion

An important class of stochastic processes are RWs, which generically exhibit strong
correlations. Before discussing their survival probabilities in section 3.2 — closely con-
nected to the EVSs, as discussed in the introduction—we provide a short introduction
to the topic of RWs, describing their properties relevant to the study of the statistics
of extremes.

3.1. Brief introduction to RWs

Let us define a RW as a discrete-time stochastic process evolving via the simple Markov
rule

xn = xn−1+ ηn , x0 = 0 , (52)

where ηn’s are IID jumps (steps) random variables. For simplicity, we restrict ourselves
to the case where their PDF p(η) is continuous and symmetric, i.e. p(η) = p(−η). We
notice that xn is simply the sum of n jumps, i.e. xn =

∑n
k=1 ηk. Hence,

〈xn〉= 0 , (53)

〈xnxn′〉=
n∑

k=1

n′∑
k′=1

〈ηkηk′〉= σ2min(n,n ′) , (54)

where we used 〈ηn〉= 0, which follows from the symmetry of p(η), and 〈ηnηn′〉= σ2δn,n ′,
assuming that the PDF of the jumps has a finite second moment. We note that the
two-point function of xn differs markedly from that of the weakly correlated case in
equation (46), which shows that the variables xn and xn′ are strongly correlated even
for n� n ′.

Depending on the tail of the jump distribution p(η), we distinguish two main classes
of RWs: (i) if p(η) has a finite second moment σ2 = 〈η2〉, the resulting process xn is a
standard RW that exhibits a normal diffusive behavior xn ∼

√
n at large n; (ii) if for

large η, p(η) is characterized by a power-law decay of the form p(η)∼ 1/ηµ+1 with the
Lévy index µ ∈]0,2[, its second moment diverges. Then, the resulting RW is called a
Lévy flight [43, 44], which exhibits a super-diffusive behavior xn ∼ n1/µ for n� 1. We
compare side-by-side the main properties of standard RWs and Lévy flights in table 1.

To describe the statistical properties of a RW, it is useful to introduce the Green’s
function of the process G(x,x0|n), which is the PDF that the walker’s position is within
the interval [x,x+dx] after the nth step, assuming that it started its motion at x0. In
particular, by definition, it satisfies the initial condition G(x,x0|0) = δ(x−x0). Due to
the Markovianity of the process (52), i.e. the fact that the state of the process after n
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Table 1. Two major classes of random walks, standard random walks vs Lévy
walks, and their salient features.

Standard random walk Lévy flight

〈η2k〉= σ2 <+∞ p(η)∼ 1/ηµ+1 for large η with 2> µ > 0

xn ∼ σ
√
n for large n xn ∼ n1/µ for large n

xn/σ
√
n converges to Brownian Motion xn/n

1/µ −−−→
n→∞

Fµ (Lévy stable dist.)´
Rdxe

ikxFµ(x) = e−|k|µ

xn/σ
√
n−−−→

n→∞
N (0,1) (normal dist.) Fµ(x)∼ 1/x1+µ for large x

steps depends solely on its state after n− 1 steps and carries no memory of the previous
dynamics, we can conveniently describe the evolution of the Green’s function in terms
of the forward Fokker–Planck equation (sometimes also called the forward Chapman–
Kolmogorov equation), namely

G(x,x0|n) =
ˆ
R
dx ′G(x ′,x0|n− 1)p(x−x ′) . (55)

This equation simply accounts for the event of the particle jumping from the position x ′

at step n− 1 to the current position x at step n by an amount (x−x ′), which is drawn
randomly from the distribution p(x−x ′). This is called a ‘forward’ equation because
one considers the current position x as a random variable, while the initial position x0

is kept fixed.
Though the forward equation (55) is very natural, one can also write down a backward

equation where one considers the starting position x0 as the variable, while the final
position x is kept fixed. The backward Fokker–Planck equation then reads

G(x,x0|n) =
ˆ
R
dx ′

0G(x,x ′
0|n− 1)p(x ′

0−x0) . (56)
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This equation is obtained by considering the displacement of the particle at the first
step from x0 to x ′

0 and then taking into account the subsequent evolution up to (n− 1)
steps, but now starting from x ′

0. In the context of first-passage problems, the back-
ward equation (56) is usually computationally advantageous [36, 45]. Of course, both
approaches allow us to solve for the Green’s function, leading to the same results. This
can be conveniently done via the use of the Fourier transform, namely

G(x,x0|n) =
ˆ
R

dk

2π
e−ik(x−x0) [p̂(k)]n , (57)

where we defined the Fourier transform p̂(k) of the jump distribution via

p̂(k) =

ˆ
R
dxeikx p(x) . (58)

We remark that in the case where p(x) has a finite second moment σ2, one can obtain
the continuum limit of equation (55)—or equivalently of equation (56)—by introducing
∆t and D > 0, so that

t= n∆t , σ2 = 2D∆t. (59)

Then, in the limit of ∆t→ 0, the forward Fokker–Planck equation in equation (55)
converges to the well known diffusion equation

∂G(x,x0|t)
∂t

=D
∂2G(x,x0|t)

∂x2
, (60)

while the backward Fokker–Planck equation in equation (56) converges to the backward
diffusion equation

∂G(x,x0|t)
∂t

=D
∂2G(x,x0|t)

∂x2
0

. (61)

In both cases, the initial condition reads G(x,x0|t= 0) = δ(x−x0).
It is interesting to note that the discrete Fokker–Planck equations (55) and (56)

take the mathematical form of integral equations. In the continuum limit, by contrast,
the dynamics of the Green’s function is governed by partial differential equations, see
equations (60) and (61). For Lévy flights with 0< µ < 2, for which σ2 diverges, these
equations are replaced by a Lévy fractional diffusion equation (see, e.g. [44] for a review
and discussion).

3.2. Survival probability and the first passage times

Let us now turn our focus to the survival probability of a RW staying below w after n
steps, which, as mentioned in the introduction, coincides with the CDF of the maximum
Qmax(w,n) (see figure 3). Indeed, because of the translational invariance of the system
and the symmetry of the jump distribution under x 7→ −x, evaluating Qmax(w,n) of a
process initialized at x0 = 0 is equivalent to solving for the survival probability of the

https://doi.org/10.1088/1742-5468/ae76fd 18

https://doi.org/10.1088/1742-5468/ae76fd


Extreme value statistics and some applications in statistical physics

J.S
tat.M

ech.(2026)
064002

Figure 6. Due to the fact that the distribution of jumps p(η) is even under η →−η,
and does not depend on time, probabilities associated with a trajectory and a
trajectory obtained by its reflection in space or time are the same. Therefore,
the probability that the value of a random walk beginning at the origin remains
below w > 0 is equivalent to the probability of it remaining above −w. Moreover,
because the system is invariant under spatial translations, this probability is equal
to the one associated with a random walker beginning its motion at w and staying
above 0.

same process starting at w > 0 and staying above 0 after n steps. We denote the latter
survival probability by Q(w,n). The equivalence of the two problems is illustrated in
figure 6.

In order to solve for Q(w,n), we first introduce the restricted Green’s function

G+ (x,x0|n) = Prob.
(
x1 > 0,x2 > 0, . . . ,xn−1 > 0,xn ∈ [x,x+dx]

∣∣x0 > 0
)
,(62)

which denotes the probability that the walker’s position is within the interval [x,x+
dx]—with x > 0—after n steps and that its trajectory remained on the positive half-line.
Its dynamics is given by

G+ (x,x0|n) =
ˆ ∞

0

dx ′G+ (x
′,x0|n− 1)p(x−x ′) , (forward), (63)

G+ (x,x0|n) =
ˆ ∞

0

dx ′
0G+ (x,x

′
0|n− 1)p(x0−x ′

0) , (backward). (64)

Note that, in contrast with equations (55) and (56), the integrals on the right-hand side
of the equations above are over R+ instead of the whole R. This is because the RW is
constrained to stay positive. Both of the equations above are valid for x⩾ 0 and x0 ⩾ 0
and both satisfy the initial condition G+(x,x0|0) = δ(x−x0). For the study of the sur-
vival probability, it turns out to be more convenient to deal with the backward dynamics
in equation (64). Indeed, by integrating over x ∈ [0,∞[ on both sides of equation (64),
one immediately obtains a closed integral equation for the survival probability, which
reads

Q(x0,n) =

ˆ ∞

0

dx ′
0Q(x ′

0,n− 1)p(x0−x ′
0) , (65)
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together with the initial condition

Q(x0,0) = 1, for x0 > 0. (66)

The integral equation for the survival probability (65) is not easy to solve generically.
However, assuming that the distribution of the jumps p(η) is continuous, a closed form
for the Laplace transform of its generating function can be obtained. It is given by the
so-called Pollaczek–Spitzer formula [46–48]

ˆ ∞

0

dx0e
−λx0

∞∑
n=0

Q(x0,n)s
n =

1

λ
√
1− s

exp

[
−λ

π

ˆ ∞

0

dk
ln(1− sp̂(k))

λ2+ k2

]
, (67)

where p̂(k) is the Fourier transform of the jump distribution given by equation (58).
A rather straightforward yet insightful consequence of the Pollaczek–Spitzer formula is
the Sparre Andersen theorem [49, 50] for Q(x0 = 0,n), which can be obtained by taking
the limit λ→∞ on both sides of equation (67)—see [10] for details. It reads

∞∑
n=0

Q(0,n)sn =
1√
1− s

. (68)

Quite surprisingly, this result does not depend on the PDF of the jumps p(η) and is, in
that sense, universal. Expanding the right-hand side of equation (68) in powers of s and
comparing the coefficients term by term gives the expression for the survival probability
for a walker starting at x0 = 0 in a fully explicit form

Q(0,n) =

(
2n

n

)
2−2n , (69)

which is universal, i.e. independent of the jump distribution p(η), for all n, and not just
for large n, where it decays as Q(0,n)≈ 1/

√
π n.

The fact that the result (68) is independent of the specific form of p(η) suggests that
it may admit a simple derivation. This is indeed the case [10, 51, 52], and we briefly
outline the argument below. To this end, we consider the probability that the maximum
of an n-step RW, which may take negative values, occurs at the mth step. We denote
this probability by

P (m|n) = Prob.(tmax =m | n) . (70)

We can now separate the trajectory of the RW walker into two segments: the first runs
from the beginning of the motion to the mth time step, at which the process reaches
its maximal value, and the second extends from this mth step to the final step n, as
sketched in figure 7. Owing to the Markovian nature of the process, these two parts
of the trajectory are statistically independent. Moreover, by the symmetry illustrated
in figure 6, the probability that a trajectory of length m attains its maximum at its
final position is exactly equal to the survival probability of a process starting at x0 = 0
and remaining positive up to the m-th time step, namely Q(0,m). This follows from

https://doi.org/10.1088/1742-5468/ae76fd 20

https://doi.org/10.1088/1742-5468/ae76fd


Extreme value statistics and some applications in statistical physics

J.S
tat.M

ech.(2026)
064002

Figure 7. A trajectory of an n-step random walker is split into two parts: one from
the beginning of its motion to the step tmax =m at which it attains its maximal
value (the blue curve), and one from the m-th step to its final step (the yellow
curve). Due to the Markovianity of the process, these two segments are statistically
independent.

the fact that each trajectory starting at 0 whose maximum occurs at step m can be
uniquely mapped onto a trajectory starting at 0 that stays positive during its entire
m-step evolution. By the same argument, the probability that the second segment of
length n−m remains below the value attained at step m is Q(0,n−m). Hence, by the
Markov property, the probability P (m|n) is given by the product of these two factors,
namely

P (m|n) =Q(0,m)Q(0,n−m) . (71)

We can now sum both sides of the equation above over m ∈ {0,1,2, . . . ,n} and use the
normalization of the probability distribution P (m|n), which yields

n∑
m=0

P (m|n) =
n∑

m=0

Q(0,m)Q(0,n−m) = 1. (72)

Multiplying both sides by sn and summing over all n ∈ N gives

∞∑
n=0

sn
n∑

m=0

Q(0,m)Q(0,n−m) =

[
∞∑

m=0

smQ(0,m)

]2
=

1

1− s
, (73)

where we changed the summation variables from (n,m) to (m,n−m) in the first equal-
ity. The result above is equivalent to the one reported in equation (68).

While the Sparre Andersen result (69) gives the survival probability starting exactly
at the origin x0 = 0, it is, in general, very difficult to compute Q(x0,n) for x0 > 0 from
the Pollaczek–Spitzer formula in equation (67). However, it is possible to extract the
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limiting form of Q(x0,n) in the scaling limit where x0 →∞ and n→∞ with the ratio
x0/

√
n fixed. In this limit one finds (see, e.g. [45])

Q0 (x0,n)≈ erf

(
x0

σ
√
2n

)
, x0 ⩾ 0 , (74)

where erf(x) = 2√
π

´ x
0 due−u2

is the error function. Note that this well-known result (74)

can also be obtained by solving the integral equation (65) for Q(x0,n) in the aforemen-

tioned continuum limit (59), which yields Q0(x0, t) = erf(x0/
√
4Dt), which is indeed

fully consistent with the continuum limit of equation (59).

4. EVSs in random matrix theory—Tracy–Widom laws and applications

Another class of strongly correlated variables whose EVSs are of importance in physical
contexts consists of the eigenvalues of a random matrix (see [53] for a review). Let us
consider an N ×N Gaussian random matrix X with entries Xi,j such that the matrix
is real symmetric, complex Hermitian, or quaternionic self-dual, with its entries drawn
from the joint Gaussian distribution [54, 55]

Pβ [{Xi,j}] =
1

ZN ,β
exp

[
−βN

2
TrX2

]
, (75)

where ZN ,β is the normalization factor, β is the so-called Dyson index, and Tr denotes

the trace of a matrix. Note that in the expression above, we scaled the entries by
√
N .

When the Dyson index takes the value β = 1,2,4, the random matrix belongs, respec-
tively, to the so-called Gaussian Orthogonal Ensemble, the Gaussian Unitary Ensemble
(GUE), or the Gaussian Symplectic Ensemble. Indeed, due to the cyclic property of
the trace, namely Tr{ABC}=Tr{CAB} for any N ×N matrices A,B, and C, the dis-
tribution (75) is invariant under orthogonal, unitary, and symplectic transformations.
Because of this symmetry, the real eigenvalues λ1,λ2, . . . ,λN of the matrix are statisti-
cally independent of the corresponding eigenvectors. It turns out that the joint PDF of
the eigenvalues takes the form [54, 55]

Pjoint (λ1,λ2, . . . ,λN ) =
1

Z ′
N ,β

e−
βN
2

∑N
i=1λ

2
i

∏
i<j

|λi −λj|β , (76)

where Z ′
N ,β is introduced for the sake of normalization. Note that the repulsive interac-

tion term ∝ |λi −λj|β gives rise to strong (anti)-correlations between eigenvalues, mak-
ing it very unlikely that λi ' λj for i 6= j. Although the Gaussian random matrix models
defined in equation (76) were initially introduced and studied for the classical values
β = 1,2, and 4, it was later shown that one can actually define random (tri-diagonal)
matrices whose eigenvalue distribution is given by equation (76) for any β > 0 [56].

https://doi.org/10.1088/1742-5468/ae76fd 22

https://doi.org/10.1088/1742-5468/ae76fd


Extreme value statistics and some applications in statistical physics

J.S
tat.M

ech.(2026)
064002

The first observable that we want to investigate is the empirical density of the
eigenvalues defined by

ρN (λ) =
1

N

N∑
i=1

δ (λ−λi) , (77)

which is normalized to unity, i.e.
´∞
−∞ρN (λ)dλ= 1. In the large N limit, it turns

out that this observable is self-averaging, i.e. it becomes essentially deterministic, and
converges to

ρN (λ)−−−→
N→∞

ρsc (λ) =
1

π

√
2−λ2 , (78)

which is the famous Wigner semi-circle law, a plot of which is presented in figure 8(a).
Following the seminal work of Dyson [57], let us remark that the interaction term in
equation (76) can be written in the form∏

i<j

|λi −λj|β = eβ/2
∑

i ̸=j ln |λi−λj |. (79)

This allows us to express the joint probability distribution function of the eigenvalues as

Pjoint (λ1,λ2, . . . ,λN ) =
1

Z ′
N ,β

exp(−βE [{λi}]) (80)

which is the Boltzmann measure of a one-dimensional gas with the energy functional of
its configuration of the form

E [{λi}] =
N

2

∑
i=1

λ2
i −

1

2

∑
i ̸=j

ln |λi −λj|. (81)

This system of particles described by the energy functional above (81) is called Dyson’s
log gas [54, 55], which owes its name to the repulsive logarithmic interaction between
the particles. Note that the first term in (81) describes a harmonic potential confining
the particles close to the origin, whose stiffness is set by N . Hence, it is of the same
order as the interaction term, i.e. they both are O(N 2)—since the typical scale of λi’s
is of order O(1), as can be seen from (78). Therefore, we arrived at the description of
the eigenvalues of a Gaussian random matrix in terms of the thermodynamics of an
interacting gas subject to a harmonic trap, represented schematically in figure 8(b).

Let us return to the discussion of EVSs by considering the largest eigenvalue

λmax =max{λ1,λ2, . . . ,λN} . (82)

From the Wigner semi-circle law in equation (78), one naturally expects that

λmax −−−→
N→∞

√
2 , (83)
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Figure 8. In panel (a), we plot with the green curve the Wigner semi-circle law,
i.e. the empirical density of the eigenvalues of a Gaussian random matrix in the
limit of N →∞, see equation (78). The blue curve represents a sketch of the Tracy–
Widom PDF describing the statistics of λmax in the N � 1 regime in the case of
the GUE. In panel (b), we provide a depiction of the physical system described
by Dyson’s log gas energy functional (81). Particles on a line repel each other via
a logarithmic potential, causing them to spread, and are simultaneously drawn
towards the origin by a harmonic trap whose strength scales linearly with N .

which can be proved rigorously, see, e.g. [58]. In the regime of N � 1 but finite, the
value of the largest eigenvalue fluctuates around

√
2, and one can show that the typical

fluctuations scale as [59–61](√
2−λmax

)
∼N−2/3. (84)

Remarkably, although the eigenvalues are clearly correlated random variables, this scale
O(N−2/3) can be obtained by applying the results for IID in equation (15) to the Wigner
semi-circle law equation (78), see, e.g. [53], showing that the domain of applicability of
this argument goes much beyond the IID case. In fact, the typical fluctuations of λmax

within this scale of order O(N−2/3) can be characterized more precisely, leading to
[60, 61]

λmax =
√
2+

1√
2
N−2/3χβ + o

(
N−2/3

)
, as N →∞ , (85)

where χβ is a Tracy–Widom random variable, which can be defined for any value of
β > 0 [62, 63] (see below for further discussions). Indeed, its CDF Prob.(χβ ⩽ x) =
Fβ(x) is a β Tracy–Widom law, which depends on the value of the Dyson index β. In
particular, it can be shown that the corresponding PDF F ′

β(x) has asymmetric non-

Gaussian tails [64–66]

F ′
β (x)≈

exp
(
−2β

3 x
3/2
)
, x→∞,

exp
(
− β

24 |x|
3
)
, x→−∞.

(86)
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A schematic plot of the PDF F ′
2(x) is represented by the blue curve in figure 8(a).

Over the past few decades, it has been shown that the Tracy–Widom distributions
appear in many different situations in mathematics and physics. For instance, they
arise in combinatorics in the study of the length of the longest increasing subsequence
of random permutations [67], as well as in fundamental models of statistical physics
such as interfacial growth or directed polymers in random media (see e.g. [68–79]) – we
refer the reader to [81, 82] and [26, 80] for recent reviews and lecture notes respectively.
Below, we discuss two such emblematic occurrences of the Tracy–Widom distributions
in statistical physics.

The first example that we consider is the Kardar–Parisi–Zhang (KPZ) equation
[83], which describes the stochastic dynamics of a growing interface separating a stable
bulk phase from a metastable one (see figure 9(a)). In 1+1 dimensions, the interface is
parametrized by a height field h(x, t), where x ∈ R denotes the spatial coordinate and t
the time. The KPZ equation then reads

∂th(x, t) = ν ∂2
xh(x, t)+

λ0

2
(∂xh(x, t))

2+
√
Dη (x, t) . (87)

Here, ν > 0 is the coefficient of diffusive relaxation, λ0 > 0 controls the strength of the
nonlinear term, and η(x, t) is a Gaussian white noise with zero mean and correlations
〈η(x, t)η(x ′, t ′)〉= δ(x−x ′)δ(t− t ′), with D > 0 being the noise amplitude, often inter-
preted as an effective temperature. When λ0 = 0, the KPZ equation becomes linear
and reduces to the well-known Edwards–Wilkinson equation [84]. For λ0 > 0, the KPZ
equation is a nonlinear stochastic partial differential equation and is therefore notori-
ously difficult to solve, even in one dimension. Nevertheless, over the past three decades,
remarkable progress in both mathematics and physics has led to a detailed understand-
ing and to exact solutions in 1+1 dimensions [74–79]. In particular, in the long-time
limit, the height at the origin exhibits the asymptotic behavior given by

h(0, t)' v∞ t+(Γt)1/3 χKPZ , (88)

where v∞ and Γ are deterministic constants depending on ν, λ0, and D, while χKPZ is
a time-independent random variable. While the scaling exponents governing the time
dependence of h(0, t)—most notably the fluctuation exponent 1/3—are universal, the
coefficients v∞, Γ, and, crucially, the distribution of χKPZ, depend on the initial con-
dition h(x,0). As a result, the interface retains a memory of its initial state even at
asymptotically long times, a striking and nontrivial signature of the nonequilibrium
nature of KPZ dynamics. Different initial conditions therefore define distinct universal-
ity subclasses within the KPZ universality class. The two most common cases are:

(i) Flat initial condition, h(x,0) = 0 (see figure 9(a)): the interface remains flat on aver-
age for all t > 0, and the random variable χflat

KPZ is exactly distributed according to
the Tracy–Widom law for the GOE [78], i.e.

χflat
KPZ = χ1 . (89)
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Figure 9. Panel (a): sketch of an interface (rough black line in the middle), e.g. in
a 2d Ising model prior to switching on an external field. After it is switched on, the
height of the interface h(x, t) is described by the Kardar–Parisi–Zhang equation (87)
in 1+1 dimensions. Panel (b): a realization of the random potential in the stochastic
Airy Hamiltonian, see equation (97).

(ii) Droplet (curved) initial condition: this leads to a curved interface profile, as in
growth processes such as the Eden model [85] starting from a point seed. In this

case, χdrop
KPZ follows the Tracy–Widom distribution for the GUE [74–77], i.e.

χdrop
KPZ = χ2 . (90)

Quite remarkably, these two universality classes (89) and (90) have been observed
experimentally in a variety of physical systems, including interface growth in nematic
liquid crystals [86], coupled laser systems [87], and, more recently, dissipative many-
particle systems [88]. These observations provide striking evidence for the universal-
ity of the Tracy–Widom distributions, even though the connection between the KPZ
equation (87) and the random matrix theory is far from obvious. In the following, we
discuss another paradigmatic example, namely the directed polymer in a random envi-
ronment. On general physical grounds, this model is believed to belong to the same KPZ
universality class in 1+1 dimensions, but in this case, as we will see, the connection to
random matrix theory can be made more explicit.

The second example that we discuss here is a model of a directed polymer in a
random medium—see figure 2—introduced and solved by Johansson in [69]. In this
model, as discussed in the introductory part of these notes in section 1, the energy of
a configuration of a polymer starting from the origin (0,0) is given by the sum of the
energies ϵi,j ascribed to each site (i,j) of a two-dimensional lattice that it covers (see
figure 2(b))

E (C) =
∑

⟨i,j ⟩∈C

ϵi,j. (91)
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In this model, the energies ϵi,j are assumed to be IID random variables distributed
according to an exponential distribution (as already considered above in equation (17))

Prob.(ϵi,j ⩽ x) =

ˆ x

0

dξ e−ξ. (92)

We consider here the optimal energy of the polymer, i.e.

Emax =max
C

E (C) , (93)

where the maximum is taken over all possible polymer configurations starting at (0,0)
and terminating at a fixed endpoint with coordinates (M ⩾ 0,N ⩾ 0) on the square
lattice (see figure 2)—this is the so-called point-to-point geometry. As shown in [69],
the distribution of Emax coincides with the distribution of the largest eigenvalue of a
complex Laguerre–Wishart random matrix M, which is defined by [54, 55, 89]

M=WWT, (94)

where W is an N ×M (we assume N ⩽M) rectangular matrix with IID complex
Gaussian entries. It turns out that, similarly to Gaussian random matrices (75), the
eigenvalues λ1,λ2, . . . ,λN of the Laguerre–Wishart matrices, which are real and positive
as follows from equation (94), are statistically independent of the eigenvectors. Their
joint probability distribution reads [54, 55, 89]

Pjoint (λ1,λ2, . . . ,λN )∝
N∏
i=1

e−λiλM−N
i

∏
i<j

(λi −λj)
2 . (95)

The result shown in [69], which connects the optimal energy of the directed polymer
with the largest eigenvalue of complex Laguerre–Wishart random matrices, reads, for
any finite N ,

Emax
law
= max

1⩽i⩽N
λi, (96)

where the superscript ‘law’ denotes an identity in law (or distribution). Hence, comput-
ing the distribution of the optimal energy of the directed polymer in the thermodynamic
limit (N →∞) amounts to computing the distribution of the largest eigenvalue of the
complex Laguerre–Wishart ensemble (95). In fact, this model (95) bears a strong resem-
blance to the GUE in equation (76) with β = 2, and it can be shown that the largest
eigenvalue in this ensemble, properly centered and scaled, also converges to a Tracy–
Widom random variable χ2 [69, 90]. The identity in equation (96) then implies that
the cumulative distribution function of the optimal energy Emax, properly centered and
scaled, converges to the Tracy–Widom distribution F2(x) that describes the fluctuations
of the largest eigenvalue in the GUE ensemble (85).
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So far, we have discussed applications of the Tracy–Widom distributions Fβ asso-
ciated with the classical values β = 1 and β = 2, corresponding to the GOE and the
GUE, respectively. However, as we have seen, Tracy–Widom distributions can, in fact,
be defined for any value of β > 0. Starting from the tridiagonal random matrix ensem-
bles whose joint eigenvalue distribution is given by equation (76), one can show that
the Tracy–Widom distribution describes the fluctuations of the ground-state energy of
the so-called stochastic Airy operator [62, 63]

Hβ =− d2

dx2
+x+

√
2

β
η (x) , (97)

where η(x) is a Gaussian white noise with zero mean and covariance 〈η(x)η(x ′)〉=
δ(x−x ′). From a physical perspective, the operator Hβ admits a transparent interpre-
tation as a one-dimensional Schrödinger operator with a random potential

Vrand (x) = x+

√
2

β
η (x) , for x > 0 , (98)

with a hard-wall boundary condition at the origin, i.e. Vrand(x) = +∞ for x < 0. An
example of a realization of this random potential is shown in figure 9(b), corresponding
to the Hamiltonian (97). In the absence of disorder, namely in the limit β →∞, the
noise term vanishes, and the eigenfunctions of Hβ→∞ reduce to the standard Airy func-
tions, which explains the terminology ‘stochastic Airy operator’ when finite noise/dis-
order is present. This thus provides a natural and physically meaningful realization of
Tracy–Widom distributions for arbitrary β > 0, with direct connections to localization
phenomena in one-dimensional quantum disordered systems.

5. Conclusions and outlook

These notes have presented a brief introduction to EVSs from the perspective of statisti-
cal physics, with an emphasis on disordered systems and correlated stochastic processes.
A central objective has been to show how problems involving extrema of time series
can be reformulated in terms of quantities from statistical mechanics, such as partition
functions of interacting particle systems or survival probabilities of stochastic processes.
This reformulation provides a concrete framework in which EVSs can be analyzed using
familiar tools and concepts from statistical physics.

Several applications of these ideas have been discussed explicitly throughout the
notes, illustrating how EVSs naturally arise in specific models of disordered systems
and nonequilibrium stochastic dynamics. These examples show how correlations, inter-
actions, and dynamical constraints can strongly affect the statistics of extremes and
lead to behaviors that differ markedly from the classical independent-variable setting.

Beyond the cases treated here, a number of related extensions can be considered.
For instance, stochastic processes with resetting [91–94] in which the dynamics is inter-
mittently restarted from a prescribed state, offer a simple and physically motivated
modification that can significantly alter EVSs, while remaining analytically accessible
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[95–98]. Another class of processes that have recently attracted some attention involve
conditionally IID variables [99]. They provide another class of models, interpolating
between independent and strongly correlated systems, that allow for explicit calcula-
tions in physically relevant settings. More generally, we hope that the approaches pre-
sented in these notes will be useful for a broader range of systems in statistical physics
where extreme events play a role.
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[31] Györgyi G, Moloney N, Ozogány K, Rácz Z and Droz M 2010 Phys. Rev. E 81 041135
[32] Parisi G 2004 Course 6: Glasses, replicas and all that Slow Relaxations and Nonequilibrium Dynamics in

Condensed Matter: Les Houches Session Lxxvii, ed J L Barrat, M Feigelman, J Kurchan and J Dalibard
Springer pp 271–364

[33] Fisher R A and Tippett L H C 1928 Math. Proc. Camb. Philos. 24 180
[34] Krapivsky P L and Redner S 1996 J. Phys. A: Math. Gen. 29 5347
[35] Redner S and Krapivsky P L 1999 Am. J. Phys. 67 1277
[36] Bray A J, Majumdar S N and Schehr G 2013 Adv. Phys. 62 225
[37] Kabluchko Z 2011 Extremes 14 285
[38] Le Doussal P 2024 Phys. Rev. E 109 024101
[39] Majumdar S N and Schehr G 2024 Phys. Rev. E 110 044111
[40] Berman S M 1964 Ann. Math. Stat. 35 502
[41] Mori F, Majumdar S N and Schehr G 2021 Europhys. Lett. 135 30003
[42] Mori F, Majumdar S N and Schehr G 2022 Phys. Rev. E 106 054110
[43] Bouchaud J P and Georges A 1990 Phys. Rep. 195 127
[44] Metzler R and Klafter J 2000 Phys. Rep. 339 1
[45] Majumdar S N 2010 Physica A 389 4299
[46] Pollaczek F 1952 C. R. Acad. Sci. 234 2334
[47] Spitzer F 1956 Trans. Am. Math. Soc. 82 323
[48] Spitzer F 1957 Duke Math. J. 24 327
[49] Sparre Andersen E 1953 Math. Scand. 1 263
[50] Sparre Andersen E 1954 Math. Scand. 2 195
[51] Dembo A, Ding J and Gao F 2013 Ann. Inst. Henri Poincar 49 873
[52] Mounaix P, Majumdar S N and Schehr G 2020 J. Phys. A: Math. Theor 53 415003
[53] Majumdar S N and Schehr G 2014 J. Stat. Mech. 2014 01012
[54] Mehta M L 2004 Random Matrices (Pure and Applied Mathematics) vol 142 (Academic)
[55] Forrester P J 2010 Log-Gases and Random Matrices (London Mathematical Society Monographs) vol

34 (Princeton University Press)
[56] Dumitriu I and Edelman A 2002 J. Math. Phys. 43 5830
[57] Dyson F J 1962 J. Math. Phys. 3 140
[58] Anderson G W, Guionnet A and Zeitouni O 2009 An Introduction to Random Matrices (Cambridge University

Press)
[59] Forrester P J 1993 Nucl. Phys. B 402 709
[60] Tracy C A and Widom H 1994 Commun. Math. Phys. 159 151
[61] Tracy C A and Widom H 1996 Commun. Math. Phys. 177 727
[62] Edelman A and Sutton B D 2007 J. Stat. Phys. 127 1121
[63] Ramı́rez J A, Rider B and Virág B 2011 J. Am. Math. Soc. 24 919
[64] Baik J, Buckingham R and DiFranco J 2008 Commun. Math. Phys. 280 463
[65] Borot G, Eynard B, Majumdar S N and Nadal C 2011 J. Stat. Mech. 11024
[66] Dumaz L and Virág B 2013 Ann. Inst. Henri Poincar 49 915
[67] Baik J, Deift P and Johansson K 1999 J. Am. Math. Soc. 12 1119
[68] Prähofer M and Spohn H 2000 Phys. Rev. Lett. 84 4882
[69] Johansson K 2000 Commun. Math. Phys. 209 437
[70] Baik J and Rains E M 2000 J. Stat. Phys. 100 523
[71] Gravner J, Tracy C A and Widom H 2001 J. Stat. Phys. 102 1085
[72] Majumdar S N and Nechaev S 2004 Phys. Rev. E 69 011103
[73] Imamura T and Sasamoto T 2004 Nucl. Phys. B 699 503

https://doi.org/10.1088/1742-5468/ae76fd 30

https://doi.org/10.1103/PhysRevLett.100.210601
https://doi.org/10.1103/PhysRevLett.100.210601
https://doi.org/10.1103/PhysRevE.81.041135
https://doi.org/10.1103/PhysRevE.81.041135
https://doi.org/10.1017/S0305004100015681
https://doi.org/10.1017/S0305004100015681
https://doi.org/10.1088/0305-4470/29/17/011
https://doi.org/10.1088/0305-4470/29/17/011
https://doi.org/10.1119/1.19115
https://doi.org/10.1119/1.19115
https://doi.org/10.1080/00018732.2013.803819
https://doi.org/10.1080/00018732.2013.803819
https://doi.org/10.1007/s10687-010-0110-x
https://doi.org/10.1007/s10687-010-0110-x
https://doi.org/10.1103/PhysRevE.109.024101
https://doi.org/10.1103/PhysRevE.109.024101
https://doi.org/10.1103/PhysRevE.110.044111
https://doi.org/10.1103/PhysRevE.110.044111
https://doi.org/10.1214/aoms/1177703551
https://doi.org/10.1214/aoms/1177703551
https://doi.org/10.1209/0295-5075/ac19ee
https://doi.org/10.1209/0295-5075/ac19ee
https://doi.org/10.1103/PhysRevE.106.054110
https://doi.org/10.1103/PhysRevE.106.054110
https://doi.org/10.1016/0370-1573(90)90099-N
https://doi.org/10.1016/0370-1573(90)90099-N
https://doi.org/10.1016/S0370-1573(00)00070-3
https://doi.org/10.1016/S0370-1573(00)00070-3
https://doi.org/10.1016/j.physa.2010.01.021
https://doi.org/10.1016/j.physa.2010.01.021
https://doi.org/10.1090/S0002-9947-1956-0079851-X
https://doi.org/10.1090/S0002-9947-1956-0079851-X
https://doi.org/10.1215/S0012-7094-57-02439-0
https://doi.org/10.1215/S0012-7094-57-02439-0
https://doi.org/10.7146/math.scand.a-10385
https://doi.org/10.7146/math.scand.a-10385
https://doi.org/10.7146/math.scand.a-10407
https://doi.org/10.7146/math.scand.a-10407
https://doi.org/10.1214/11-AIHP452
https://doi.org/10.1214/11-AIHP452
https://doi.org/10.1088/1751-8121/abac97
https://doi.org/10.1088/1751-8121/abac97
https://doi.org/10.1088/1742-5468/2014/01/P01012
https://doi.org/10.1088/1742-5468/2014/01/P01012
https://doi.org/10.1063/1.1507823
https://doi.org/10.1063/1.1507823
https://doi.org/10.1063/1.1703773
https://doi.org/10.1063/1.1703773
https://doi.org/10.1016/0550-3213(93)90126-A
https://doi.org/10.1016/0550-3213(93)90126-A
https://doi.org/10.1007/BF02100489
https://doi.org/10.1007/BF02100489
https://doi.org/10.1007/BF02099545
https://doi.org/10.1007/BF02099545
https://doi.org/10.1007/s10955-006-9226-4
https://doi.org/10.1007/s10955-006-9226-4
https://doi.org/10.1090/S0894-0347-2011-00703-0
https://doi.org/10.1090/S0894-0347-2011-00703-0
https://doi.org/10.1007/s00220-008-0433-5
https://doi.org/10.1007/s00220-008-0433-5
https://doi.org/10.1088/1742-5468/2011/11/P11024
https://doi.org/10.1214/11-AIHP475
https://doi.org/10.1214/11-AIHP475
https://doi.org/10.1090/S0894-0347-99-00307-0
https://doi.org/10.1090/S0894-0347-99-00307-0
https://doi.org/10.1103/PhysRevLett.84.4882
https://doi.org/10.1103/PhysRevLett.84.4882
https://doi.org/10.1007/s002200050027
https://doi.org/10.1007/s002200050027
https://doi.org/10.1023/A:1018615306992
https://doi.org/10.1023/A:1018615306992
https://doi.org/10.1023/A:1004879725949
https://doi.org/10.1023/A:1004879725949
https://doi.org/10.1103/PhysRevE.69.011103
https://doi.org/10.1103/PhysRevE.69.011103
https://doi.org/10.1016/j.nuclphysb.2004.07.030
https://doi.org/10.1016/j.nuclphysb.2004.07.030
https://doi.org/10.1088/1742-5468/ae76fd


Extreme value statistics and some applications in statistical physics

J.S
tat.M

ech.(2026)
064002

[74] Dotsenko V 2010 Europhys. Lett. 90 20003
[75] Sasamoto T and Spohn H 2010 Phys. Rev. Lett. 104 230602
[76] Calabrese P, Le Doussal P and Rosso A 2010 Europhys. Lett. 90 20002
[77] Amir G, Corwin I and Quastel J 2011 Commun. Pure Appl. Math. 64 466
[78] Calabrese P and Le Doussal P 2011 Phys. Rev. Lett. 106 250603
[79] Imamura T and Sasamoto T 2012 Phys. Rev. Lett. 108 190603
[80] Spohn H 2017 Course 4: The Kardar–Parisi–Zhang equation: a statistical physics perspective Stochastic

Processes and Random Matrices: Les Houches Summer School vol 104, ed G Schehr, A Altland,
Y V Fyodorov, N O’Connell and L F Cugliandolo (Oxford University Press)

[81] Kriecherbauer T and Krug J 2010 J. Phys. A: Math. Theor. 43 403001
[82] Corwin I 2016 Not. Am. Math. Soc. 63 230
[83] Kardar M, Parisi G and Zhang Y C 1986 Phys. Rev. Lett. 56 889
[84] Edwards S F and Wilkinson D R 1982 Proc. R. Soc. 381 17
[85] Eden M 1961 A two-dimensional growth process Proceedings of the Fourth Berkeley Symposium on Mathematical

Statistics and Probability, Volume 4: Biology and Problems of Health, ed J Neyman (University of California
Press) p 223

[86] Takeuchi K A, Sano M, Sasamoto T and Spohn H 2011 Sci. Rep. 1 34
[87] Fridman M, Pugatch R, Nixon M, Friesem A A and Davidson N 2012 Phys. Rev. E 85 020101
[88] Makey G et al 2020 Nat. Phys. 16 795
[89] Wishart J 1928 Biometrika 20A 32
[90] Johnstone I M 2001 Ann. Stat. 29 295
[91] Evans M R and Majumdar S N 2011 Phys. Rev. Lett. 106 160601
[92] Evans M R, Majumdar S N and Schehr G 2020 J. Phys. A: Math. Theor. 53 193001
[93] Pal A, Kostinski S and Reuveni S 2022 J. Phys. A: Math. Theor. 55 021001
[94] Gupta S and Jayannavar A M 2022 Front. Phys. 10 789097
[95] Singh P and Pal A 2021 Phys. Rev. E 103 052119
[96] Guo W, Yan H and Chen H 2023 Phys. Rev. E 108 044115
[97] Hartmann A K, Majumdar S N and Schehr G 2024 Stochastic resetting and extreme values Target Search

Problems, ed O Bénichou and R Voituriez (Springer) pp 357–89
[98] Dȩbicki K, Hashorva E and Michna Z 2026 (arXiv:2603.03050)
[99] Majumdar S N and Schehr G 2026 EPL 155 11001

https://doi.org/10.1088/1742-5468/ae76fd 31

https://doi.org/10.1209/0295-5075/90/20003
https://doi.org/10.1209/0295-5075/90/20003
https://doi.org/10.1103/PhysRevLett.104.230602
https://doi.org/10.1103/PhysRevLett.104.230602
https://doi.org/10.1209/0295-5075/90/20002
https://doi.org/10.1209/0295-5075/90/20002
https://doi.org/10.1002/cpa.20347
https://doi.org/10.1002/cpa.20347
https://doi.org/10.1103/PhysRevLett.106.250603
https://doi.org/10.1103/PhysRevLett.106.250603
https://doi.org/10.1103/PhysRevLett.108.190603
https://doi.org/10.1103/PhysRevLett.108.190603
https://doi.org/10.1088/1751-8113/43/40/403001
https://doi.org/10.1088/1751-8113/43/40/403001
https://doi.org/10.1090/noti1334
https://doi.org/10.1090/noti1334
https://doi.org/10.1103/PhysRevLett.56.889
https://doi.org/10.1103/PhysRevLett.56.889
https://doi.org/10.1098/rspa.1982.0056
https://doi.org/10.1098/rspa.1982.0056
https://doi.org/10.1038/srep00034
https://doi.org/10.1038/srep00034
https://doi.org/10.1103/PhysRevE.85.020101
https://doi.org/10.1103/PhysRevE.85.020101
https://doi.org/10.1038/s41567-020-0879-8
https://doi.org/10.1038/s41567-020-0879-8
https://doi.org/10.2307/2331939
https://doi.org/10.2307/2331939
https://doi.org/10.1214/aos/1009210544
https://doi.org/10.1214/aos/1009210544
https://doi.org/10.1103/PhysRevLett.106.160601
https://doi.org/10.1103/PhysRevLett.106.160601
https://doi.org/10.1088/1751-8121/ab7cfe
https://doi.org/10.1088/1751-8121/ab7cfe
https://doi.org/10.1088/1751-8121/ac3cdf
https://doi.org/10.1088/1751-8121/ac3cdf
https://doi.org/10.3389/fphy.2022.789097
https://doi.org/10.3389/fphy.2022.789097
https://doi.org/10.1103/PhysRevE.103.052119
https://doi.org/10.1103/PhysRevE.103.052119
https://doi.org/10.1103/PhysRevE.108.044115
https://doi.org/10.1103/PhysRevE.108.044115
https://arxiv.org/abs/2603.03050
https://doi.org/10.1209/0295-5075/ae6a1e
https://doi.org/10.1209/0295-5075/ae6a1e
https://doi.org/10.1088/1742-5468/ae76fd

	Extreme value statistics and some applications in statistical physics
	1. Introduction
	2. EVSs of time series with IID entries
	2.1. The typical value µN
	2.2. An exact formula for the CDF
	2.3. Universality classes for IID variables
	2.4. Weakly correlated random variables

	3. EVSs of time series—RWs and Brownian Motion
	3.1. Brief introduction to RWs
	3.2. Survival probability and the first passage times

	4. EVSs in random matrix theory—Tracy–Widom laws and applications
	5. Conclusions and outlook
	References


