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1 Introduction

The use of Grassmannian calculus in probability theory remains a some-
what unfamiliar subject within the probabilistic community. While the
powerful methods of Grassmann algebra have been successfully applied
in theoretical physics, particularly in statistical mechanics and field the-
ory, their potential contributions to probability theory have yet to be fully
recognized and utilized. The aim of this survey is to bridge this gap by
providing an accessible yet rigorous introduction to Grassmannian meth-
ods in probability, highlighting their relevance, applications, and potential
for further development.

Role in Algebra

Grassmannian calculus, originally introduced in the 19th century by Her-
mann Grassmann [33], is a mathematical framework based on anticommut-
ing variables, known as Grassmann variables. These variables, denoted as
θ = (θi)i, satisfy the fundamental relation θiθj = −θjθi, making them es-
sential tools in areas where antisymmetric structures naturally arise. An
example of such context are differential forms, since Grassmann calculus
provides a natural language for integration on manifolds [48]. Further-
more, it serves as a foundation for Clifford algebras, Lie superalgebras,
and cohomological theories (see for instance [7, Ch. III.7 and Ch. III.11]
or [14]). These structures have significant implications in homological al-
gebra, representation theory, and geometric topology.

Role in Probability

While perhaps not being mainstream, Grassmann calculus has been suc-
cessfully applied in probability theory, too. One notable area of applica-
tion is in the study of large random matrix ensembles, where Grassmann
variables facilitate the derivation of integral representations and correla-
tion functions [6]. Another recognized direction lies in stochastic pro-
cesses with fermionic structure, where supersymmetric methods have been
employed to analyze diffusion and percolation problems ([5, 38]). These
contributions underscore the potential of Grassmannian methods in tack-
ling problems that resist conventional probabilistic techniques. As stated
by [39], Grassmann calculus has the unique property that “it permits the
expression in formulas of the results of geometric constructions”.

In light of this remark, Grassmannian techniques have been successfully
utilized in combinatorial probability, particularly in the study of loop mod-
els, spanning forests, and the enumeration of walks [8, 31, 26]. These appli-
cations leverage the inherent antisymmetric nature of Grassmann variables
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to elegantly encode counting problems that involve non-intersecting paths
and constraints on connectivity. Other applications include for instance
dimer models and the Ising model [25, 41, 46].

Role in Supersymmetry

In theoretical physics, Grassmann variables play a central role in super-
symmetry (SUSY), an area that extends conventional quantum mechanics
and quantum field theory by positing a symmetry between bosonic and
fermionic degrees of freedom (see [52]). Supersymmetric theories have
been applied to various fields of physics, from string theory to optics, and
even a supersymmetric extension of the Standard Model was considered.
For a review on the topic we refer the reader for example to [50]. Note
that supersymmetric methods have also been adapted to study disorder
systems, Anderson localization, and the behavior of spin glasses for exam-
ple in [53, 23].

On the one hand, most researchers in probability theory are unfamiliar
with Grassmannian calculus. On the other hand, mathematicians already
acquainted with Grassmann algebra typically lack familiarity with prob-
ability theory. While we do not pretend to have covered all aspects of
the field, this survey seeks to offer a treatment of the core concepts, tech-
niques, and major achievements of Grassmannian calculus within probabil-
ity, thereby making the subject more accessible to probabilists, and to pro-
vide sufficient background in probability theory ensuring that those well-
versed in Grassmannian methods can appreciate the depth and breadth of
its applications in this field.

Structure of the paper

These notes begin with providing mathematical preliminaries in Sec. 2
and introduce Grassmann calculus in Sec. 3. We are going to deal with
Grassmann Gaussians in Sec. 4. We then proceed to show applications of
Grassmann calculus: the first one are uniform spanning trees in Sec. 5.
Another statistical mechanics model, the Abelian sandpile is presented in
Sec. 6 followed by supersymmetry in Sec. 7. We will finally give two fur-
ther applications of Grassmann calculus in probability theory: reinforced
processes in Sec. 8 and random matrix theory in Sec. 9.
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ipants who provided us with their feedback and constructive comments.
The work of SB was supported by the European Union’s Horizon 2020



Grassmannian calculus for probability 33

research and innovation programme under the Marie Sk lodowska-Curie
grant agreement no. 101034253 while affiliated with Leiden University. SB
was further supported through “Gruppo Nazionale per l’Analisi Matemat-
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2 Mathematical preliminaries

2.1 Notation

We denote N := {1, 2, . . .}. We write [n] := {1, 2, . . . , n} for n ∈ N. We
will use boldfonts to denote vectors (for example, x = (x1, . . . , xn)). The
set of n× n square matrices with entries in a field F is called Mn(F). The
cardinality of a set A is denoted as #A. Given a ∈ C, we denote by ℜ(a)
and ℑ(a) the real and imaginary part of a, respectively.

Matrices

Definition 2.1 (Positive-(semi)definite matrix). A matrixA ∈Mn(C)
is positive-(semi)definite if

ℜ(xTAx) > 0

(resp. ≥ 0) for any x ∈ Cn \{0}, where xT denotes the transpose complex
conjugate of x. A similar definition applies to A ∈ Mn(R) by replacing
xT with xT , that is, the transpose of x.

Definition 2.2 (Hermitian matrix). A matrix A ∈Mn(C) is Hermitian

if A = A
T

, that is, for all 1 ≤ i, j ≤ n one has A(i, j) = A(j, i).

Let n ∈ N and X = (Xi)
n
i=1 be a vector of real-valued random variables,

each of which has all finite moments.

Cumulants

For a reference on this paragraph see for example [40].

Definition 2.3 (Joint cumulants of random vectors). The cumulant
generating function K(t) of X for t = (t1, . . . , tn) ∈ Rn is defined as

K(t) := log
(
E
[

exp (t ·X)
])

=
∑

m∈Nn

κm(X)

n∏
j=1

t
mj

j

mj !
,
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where t ·X denotes the scalar product in Rn, m = (m1, . . . , mn) ∈ Nn is
a multi-index with n components, and

κm(X) =
∂|m|

∂tm1
1 · · · ∂tmn

n
K(t)

∣∣∣
t1=...=tn=0

,

being |m| = m1 + · · · +mn.

The joint cumulant of the components of X can be defined as a Taylor
coefficient of K(t) for m = (1, . . . , 1); in other words

κ(X) =
∂n

∂t1 · · · ∂tn
K(t)

∣∣∣
t1=...=tn=0

.

In particular, for any A ⊆ [n], the joint cumulant κ(Xi : i ∈ A) of X can
be computed as

κ(Xi : i ∈ A) =
∑

π∈Π(A)

(|π| − 1)!(−1)|π|−1
∏
B∈π

E

[∏
i∈B

Xi

]
,

with Π(A) the set of partitions of the set A and |π| the cardinality of π.
Let us remark that, by some straightforward combinatorics, it follows from
the previous definition that

E

[∏
i∈A

Xi

]
=

∑
π∈Π(A)

∏
B∈π

κ(Xi : i ∈ B) . (2.1)

IfA = {i, j}, i, j ∈ [n], then the joint cumulant κ(Xi, Xj) is the covariance
between Xi and Xj . In addition, for a real-valued random variable X, one
has the equality

κ(X, . . . , X︸ ︷︷ ︸
n times

) = κn(X), n ∈ N,

which we call the n-th cumulant of X.

2.2 Real and complex Gaussians

We will now give a brief recap of Gaussian integration in complex variables.
We will restrict ourselves to centered vectors but a more general theory
can of course be studied, as for example in the reference [37] where the
results we are presenting are proved.

Let A ∈Mn(C) be an Hermitian positive-definite matrix with complex
entries.
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Definition 2.4 (Complex Gaussian random vector). A random vec-
tor Z = (Z1, . . . , Zn) ∈ Cn has a complex Gaussian distribution with
mean zero and inverse covariance matrix A if it has a density equal to

| det(A)| exp
(
−
(
Z, AZ

))
with respect to the measure

n∏
α=1

dℜ(Zα) dℑ(Zα)

π

which is a product of Lebesgue measures on the real resp. imaginary part
of Zα. We thus have

A−1 = E
[
ZZ

T
]
,

in other words for all 1 ≤ i, j ≤ n it holds that

E[ZiZj ] = 0

E[ZiZj ] = A−1(i, j) = A−1(j, i)

E[|Zi|2] = A−1(i, i).

Equivalently, for all 1 ≤ i ≤ n one has Zi = Xi + iYi, where (X, Y) is a
2n-dimensional Gaussian vector with(

X

Y

)
∼ N

((
0

0

)
,

1

2

(
ℜA−1 −ℑA−1

ℑA−1 ℜA−1

))
.

2.3 Cumulants of Gaussian vectors

A characterization of real univariate Gaussian random variable is that
all its cumulants of order at least three vanish. More can be said about
cumulants of Gaussian vectors, and we will now proceed to proving what
the cumulants of the vector of their squares look like. Recall now the
notation Sn for the set of permutations of n elements, and #σ to denote
the number of cycles in the cyclic decomposition of σ ∈ Sn. Both results
are taken from [36] (let us also mention that the original statement is for
Gaussian processes, but we will need only the vector-valued version in
these notes).

Proposition 2.5 (Cumulants of real Gaussian vector). Let S be a
finite set, #S = n ∈ N. If φ = (φx)x∈S is a centered real Gaussian vector
with covariance matrix C/2 ∈ Mn(R), then for all k ≥ 1, x1, . . . , xk ∈ S
one has
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κ
(
φ2
x1
, . . . , φ2

xk

)
=

1

2
cyp(C)(x1, . . . , xk)

:=
1

2

∑
σ∈Sn: #σ=1

k∏
α=1

C(xα, xσ(α)).

Proof. The desired result follows from Malyshev’s formula [40, Equation
(3.2.8)] for generalized cumulants as a sum of products of ordinary cumu-
lants. Note that the sum is restricted to cyclic permutations only. All
Gaussian cumulants are zero except those of order two, so the result is
a sum of products of covariances in the form C(xi1 , xj1) · · ·C(xik , xjk).
Since each value 1, ..., k occurs once as a first index and once as a sec-
ond index, (j1, ..., jk) is a permutation of (i1, ..., ik). For each cyclic per-
mutation, there are 2k−1 distinct partitions of the 2k indices that sat-
isfy the connectivity condition, all giving rise to the same contribution
C(x1, xσ(1)) · · ·C(xk, xσ(k))/2

k. As a consequence the joint cumulant is
one-half the sum of the cyclic products.

Proposition 2.6 (Cumulants of complex Gaussian vector). Let S be
as in Proposition 2.5. If Z = (Zx)x∈S is a centered complex Gaussian pro-
cess with covariance matrix C ∈Mn(C), then for all k ≥ 1, x1, . . . , xk ∈ S
one has

κ
(
|Zx1

|2 , . . . , |Zxk
|2
)

= cyp(C)(x1, . . . , xk)

=
∑

σ∈Sn: #σ=1

k∏
α=1

C(xα, xσ(α)).

Proof. The desired formula follows after arguing as in the proof of Propo-
sition 2.5 and using the covariance matrix C instead of C/2.

3 Grassmannian calculus

For this Section we are indebted to [1].
Let F be a field which contains the field Q of rational numbers.

Definition 3.1 (Associative algebra). An associative algebra A over a
field F is a vector space over F with an operation ∧ satisfying the following
conditions: for all x, y, z ∈ A, a ∈ F one has

Left distributivity x ∧ (y + z) = x ∧ y + x ∧ z.

Right distributivity (x+ y) ∧ z = x ∧ y + y ∧ z.

Compatibility a(x ∧ y) = (ax) ∧ y = x ∧ (ay).



Grassmannian calculus for probability 37

Associativity (x ∧ y) ∧ z = x ∧ (y ∧ z).

Example 3.2. An example of an associative algebra (A, ∧) is given by
the n×n matrices Mn(R) or Mn(C) with the usual matrix multiplication.

For the rest of the notes, we will omit the symbol ∧ unless there is a risk
of confusion with other operations. In our applications, F will typically
be the set of real numbers R or the complex numbers C, and we will not
work with any other field of numbers.

Definition 3.3 (Generators of A). The set {ξi : i ∈ I} forms a set of
generators for A if, for all x ∈ A, there exists n ∈ N such that

x = polF(ξi1 , . . . , ξin), ij ∈ I, 1 ≤ j ≤ n.

In other words every element of the algebra can be written as a finite
polynomial in the ξ′s.

We are now ready to define a Grassmann algebra.

Definition 3.4. A Grassmann algebra GA is an associative algebra over
R (or C) generated by a set of generators {ξi : i ∈ I} that satisfy the
following anticommutation relations:

ξiξj = −ξjξi. (3.1)

Corollary 3.5 (Nilpotency of the ξ’s). Since the base field of the al-
gebra contains Q, and in particular contains 1/2, it follows that

ξ2i = 0, i ∈ I.

Example 3.6. An example of a Grassmannian algebra is the algebra of dif-
ferential forms on an n-dimensional manifold with the operation ∧ defined
as the standard wedge product. To show this, let V be a n-dimensional
manifold with coordinates x1, . . . , xn. A differential form on V can then
be written as

F = F0 + · · · + Fn,

where F0 ∈ C∞(V ) is a 0-form, i.e., an ordinary function from V to R,
and Fi is an i-form for any i ∈ [n], i.e.,

Fi(x) = f(x) dxi1 ∧ · · · ∧ dxin ,

with x ∈ V and f ∈ C∞(V ). The form Fp is the degree-p part of F and a
form F has degree p if F = Fp. The set {dxi : i = 1, ..., n} forms a set of
generators for this algebra. To conclude the example and show that this is
indeed a Grassmann algebra, note that dxi ∧ dxj = −dxj ∧ dxi for any
i, j ∈ [n].
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Corollary 3.5 entails an important property: all elements of a Grass-
mann algebra are affine polynomials in the ξ’s, as we shall see now.

Definition 3.7 (Even and odd, parity). A non-zero monomial f ∈ GA
is called even if it contains an even number of generators, and it is called
odd otherwise. We define the parity of such a monomial as

p(f) :=

{
0 if f is even,

1 if f is odd.

We can extend the definition to even resp. polynomials whose monomials
are all even resp. odd.

Lemma 3.8 (Graded commutation relations). For all non-zero mono-
mials f, g ∈ GA one has

fg = (−1)p(f)p(g)gf.

Proof. To swap the order of the terms fg, one has to bring each generator
appearing in g to the front of f , yielding a (−1)p(g) for each generator. In
addition, each generator in g has to perform a number of swaps equal to
the number of factors of f , gaining an additional (−1)p(f).

From Lemma 3.8 we readily obtain two important consequences. The
first is that even polynomials commute, while odd ones anticommute. This
gives rise to the nomenclature “bosons” for even terms in the algebra and
“fermions” for the odd ones. Secondly, it allows us to prove immediately
Pauli exclusion principle, which we phrase as follows.

Proposition 3.9 (Pauli exclusion principle). If f is an odd element
of GA then f2 = 0.

As an example, one can compute

(ξ1 + ξ2 + ξ1ξ2ξ3)
2

= ξ1ξ2 + ξ2ξ1 = 0

noticing that all other terms yield a factor of ξ2i for some 1 ≤ i ≤ 3.
Even though there are several terms whose square is zero (indeed, one can
show that all polynomials whose monomials share at least one generator
enjoy this property) Pauli exclusion principle becomes significant, from a
physical viewpoint, when f is homogenous of degree 1.

Example 3.10. Not all polynomials squared are zero. Indeed,

(ξ1ξ2 + ξ3ξ4)2 = 2

4∏
i=1

ξi ̸= 0,

where we have used (ξ1ξ2)2 = (ξ3ξ4)2 = 0.
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3.1 Functions of Grassmann variables

Definition 3.11. Let f : R → R be an analytic function given by f(x) =∑∞
k=0 akx

k, and let F ∈ GA be an element of the Grassmann algebra.
We define the composition of an analytic function with an element of the
Grassmann algebra, f(F ), by

f(F ) :=

∞∑
k=0

akF
k.

As a consequence of this definition, and the nilpotency of the genera-
tors, one can observe for example that for any generator ξ

exp(ξ) =

∞∑
k=0

ξk

k!
= 1 + ξ.

Proposition 3.12. If f, g ∈ GA are even polynomials, then

exp(f + g) = exp(f) exp(g). (3.2)

Proof. The proof follows because f and g are even polynomials, so when
variables are commutative the binomial formula still holds.

Remark 3.13. Note that Proposition 3.12 does not necessarily hold for
odd polynomials. As an example, since (ξ1 + ξ2)2 = ξ1ξ2 + ξ2ξ1 = 0, we
have

exp(ξ1 + ξ2) = 1 + ξ1 + ξ2,

whereas
exp(ξ1) exp(ξ2) = 1 + ξ1 + ξ2 + ξ1ξ2.

3.2 Differentiation and integration

From now on, we will simplify the structure of the Grassmann algebra even
more by giving it only a finite number of generators {ξi : 1 ≤ i ≤ n}.

Definition 3.14 (Right derivative). The right derivative is the linear
map GA → GA which acts on monomials ξi1 · · · ξip , 1 ≤ i1 < . . . < ip ≤ n,
as

∂
∂ξj

ξi1 · · · ξip = (−1)α−1ξi1 · · · ξiα−1
ξiα+1

· · · ξip if there is 1 ≤ α ≤ p

such that iα = j,

0 otherwise.

(3.3)
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In other words, if x = x1 + ξix2 where x1, x2 ∈ GA are Grassmann
terms in which ξi does not occur, one has

∂

∂ξi
x = x2.

It follows that the derivative is also nilpotent, in the sense that(
∂

∂ξi

)2

= 0

for all i. Moreover, the derivative satisfies the Leibniz rule

∂

∂ξi
(fg) =

(
∂

∂ξi
f

)
g + (Pf)

(
∂

∂ξi
g

)
. (3.4)

where f, g ∈ GA and P is the parity operator [51, Section 2.2] defined by

P (ξ) = −ξ.

This operator essentially multiplies a monomial of k variables by (−1)k

(whence Lemma 3.8 can be rephrased as fg = P (gf)).

Proposition 3.15 (Taylor expansion for Grassmann algebras). Let
f : R → R be an analytic function with expansion f(x) =

∑
m≥0 amx

m,
am ∈ R. Let F,G ∈ GA such that F is generated by ξ1, ..., ξn and G is an
odd polynomial. Then

f(F +G) =

N∑
k=0

δkG(f(F )), (3.5)

where N is the nilpotency index of G, i.e., the biggest number such that
GN ̸= 0, and

δkG(f(F )) =
∑
m≥k

am
∑

j0+...+jk=m−k

j0,...,jk≥0

F j0GF j1 · · ·GF jk ,

with k representing the number of occurrences of G.

Proof. First, note that we can write

(F +G)m =

m∑
k=0

∑
j0+...+jk=m−k

j0,...,jk≥0

F j0GF j1 · · ·GF jk .

This formula can be easily checked by an induction argument. Define the
operator δG : GA → GA by

δG(Fm) =

m−1∑
j=0

F jGFm−1−j , m ≥ 1,
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δG(αF1 + βF2) = αδG(F1) + βδG(F2) for all F1, F2 ∈ GA and α, β ∈ R,
and δG(1) = 0. This operator essentially replaces the derivative of FmG
with respect to F in this non-commutative setup. By using the Leibniz
rule (3.4) it is possible to show that the k-th composition can be written
as

δkG(Fm) =
∑

j0+...+jk=m−k

j0,...,jk≥0

F j0GF j1 · · ·GF jk , m ≥ k,

with the notational convention that

δ0G(Fm) = Fm.

Thus, by using the nilpotency of G and the fact that δkG(Fm) = 0 for
m < k, we can write

f(F +G) =
∑
m≥0

am

m∑
k=0

δkG(Fm) =
∑
k≥0

∑
m≥k

amδ
k
G(Fm)

=
∑
k≥0

δkG

∑
m≥k

amF
m

 =

N∑
k=0

δkG(f(F )).

Example 3.16. As an example, for f(·) = exp(·), F = ξ1ξ2, G = ξ3 one
obtains from (3.5)

exp(ξ1ξ2 + ξ3) = exp(ξ1ξ2) + exp(ξ1ξ2)ξ3 = 1 + ξ1ξ2 + (1 + ξ1ξ2)ξ3.

This is an instance of the more general fact that, if F and G commute and
G is a polynomial of degree at most one, (3.5) simplifies to

f(F +G) = f(F ) + f ′(F )G.

Note that the oddness of G is crucial for (3.5) to make sense. Indeed,
in that case this substitution can be expressed in terms of a finite Taylor
series.

Definition 3.17 (Grassmann-Berezin integration). The Grassmann-
Berezin integral is defined as∫

D(ξ)F =

∫
d ξ1 d ξ2 · · · d ξnF := ∂ξ1∂ξ2 · · · ∂ξnF, F ∈ GA.

Surprisingly the integral is defined in the same way as the derivative
(actually, the two coincide!). Even though surprising, this definition re-
tains many useful properties of the integral, for example linearity, or the
fact that an integral does not depend on the variables which are integrated



42 S. Baldassarri and A. Cipriani

out. It is however crucial to keep track of the order of integration because
of (3.3). For example ∫

d ξ1 d ξ2(ξ2ξ1) = 1

but ∫
d ξ2 d ξ1(ξ2ξ1) =

∂

∂ξ2

(
∂

∂ξ1
(−ξ1ξ2)

)
= − ∂

∂ξ2
ξ2 = −1.

For this reason, to fix notation we will now start working with a special
Grassmann algebra: the one in which n = 2m and the set of generators
is divided into two sets of variables {ξi, ξi : 1 ≤ i ≤ m}. The bar is
reminiscent of complex conjugation, but we consider it only as a special
notation to distinguish the two sets of variables. In this setup, we choose∫

D(ξ, ξ)F :=

∫ ( n∏
i=1

d ξi d ξi

)
F, F ∈ GA. (3.6)

It is important to observe that integration satisfies∫
d ξ d ξ

(
a1 + a2ξ + a3ξ + a4ξξ

)
= a4, ai ∈ R, 1 ≤ i ≤ 4 (3.7)

where ξ, ξ are arbitrary generators. In other words, only polynomial ex-
pressions in which all generator appear give a non-zero contribution to
integrals.

There are many properties of the Grassmann integral that work exactly
in the same way as for standard integrals: invariance under translation,
change-of-variables formulas and Fubini’s theorem. We will prove them
now for completeness, beginning with translation invariance. The fact that
it holds is intuitively clear because the integral is “morally” a derivative,
and thus does not see shifts. Let’s see the proof more precisely.

Proposition 3.18 (Invariance under translation for Grassman-
n-Berezin integration). Let I = {i1, ..., ip} be an ordered sequence of
indices in [n] and let χ1, ..., χn be odd elements of GA satisfying χj = 0 for
any j /∈ I. Then∫

d ξip · · · d ξi1f(ξ + χ) =

∫
d ξip · · · d ξi1f(ξ), (3.8)

where f(ξ + χ) denotes the substitution defined in (3.5).

Proof. To prove the statement, it is enough to show that (3.8) can be
written as

∂

∂ξip
· · · ∂

∂ξi1
f(ξ + χ) =

∂

∂ξip
· · · ∂

∂ξi1
f(ξ).
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To prove this, it suffices to consider the cases in which f(ξ) = ξi1 · · · ξip
for some sequence of indices {j1, ..., jm} ⊆ [n]. For any i ∈ I and j ∈ [n]
we have that

∂

∂ξi
(ξj + χj) =

∂

∂ξi
ξj = δij .

Using this relation together with the Leibniz rule, we note that ∂
∂ξi

(ξj1 +

χj1) · · · (ξjm + χjm) equals the same object in which χi has been replaced
by zero. By iterating this for ∂

∂ξi1
· · · ∂

∂ξip
, we set χi = 0 for any i ∈ I.

However, by hypothesis these are the only nonzero χi. This concludes the
proof.

Changing variables in Grassmann-Berezin integration is, unlike trans-
lation invariance, a rule that defies its standard counterpart. The rule is
as follows.

Proposition 3.19 (Linear change of variables for Grassmann-Bere-
zin integration). Let A ∈Mn(R) and let f : R → R be an analytic func-
tion. Define new Grassmannian variables by χi =

∑n
j=1Aijξj, i = 1, ..., n.

Then∫
d ξn · · · d ξ1f(ξ1, ..., ξn) = det(A)

∫
dχn · · · dχ1f(χ1, ..., χn). (3.9)

Proof. Let Sn denote the set of permutations of n elements and sgn(σ)
the sign of the permutation σ. The statement follows after noting that∫

d ξn · · · d ξ1χ1 · · ·χn =

∫
d ξn · · · d ξ1

n∑
j1=1

A1j1ξj1 · · ·
n∑

jn=1

Anjnξjn

=
∑

σ∈Sn

sgn(σ)

n∏
i=1

Aiσ(i)

= det(A).

Note that for ordinary multivariate integrals the factor det(A) should
be on the other side compared to (3.9): if u = Ax then∫

Rn

f(x) dx1 . . . dxn =

∫
Rn

f
(
A−1u

) 1

| detA|
du.

Finally we can state the analog of Fubini’s theorem, which essentially
mimics its standard counterpart up to a possible sign change.

Proposition 3.20 (Fubini theorem for Grassmann-Berezin inte-
gration). Let I = {i1, ..., ip} be an ordered sequence of indices in [n],
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and let Ic = {j1, ..., jn−p}. Then, for any elements f ∈ GA generated by
ξi1 , ..., ξip and g ∈ GA generated by ξj1 , ..., ξjn−p

, we have∫
d ξip · · · d ξi1 d ξjn−p

· · · d ξj1fg

= (−1)p(n−p)

(∫
d ξip · · · d ξi1f

)(∫
d ξjn−p

· · · d ξj1g
)
.

Proof. Expanding f and g in monomials, we see that the unique terms
that contribute to the integrals are ξi1 · · · ξip and ξj1 · · · ξjn−p

in f and
g, respectively. We can then assume without loss of generality that f =
ξi1 · · · ξip and g = ξj1 · · · ξjn−p

. By using the derivative rule (3.3) and the
Leibniz rule (3.4), we get∫

d ξjn−p · · · d ξj1fg = (−1)p(n−p)f

(∫
d ξjn−p · · · d ξj1g

)
.

The result follow after integrating both sides with respect to d ξip · · · d ξi1 .

4 Grassmannian calculus and Gaussian ran-
dom variables

This Subsection is devoted to studying “Gaussian integrals” in the Grass-
mannian setting. In particular, let A ∈ Mn(R). By using the notation
(ξ, Aξ) :=

∑n
i, j=1 ξiA(i, j)ξj we wish to compute the analog of a Gaus-

sian measure, that is, objects of the form∫
D(ξ, ξ)e(ξ, Aξ).

We will prove that

Proposition 4.1.∫
D(ξ, ξ)e(ξ, Aξ) =

∫
D(ξ, ξ)e−(ξ, Aξ) = det(A).

Before we enter into the proof, let us note that there are no assumptions
needed on A, unlike the real case in which∫

Rn

n∏
i=1

dxi√
2π

e−
1
2 (x, Ax) = (detA)

−n
2

requires A to be symmetric and positive-definite.
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Proof of Proposition 4.1. Since the polynomial (ξ, Aξ) is even, by Propo-
sition 3.12

exp (ξ, Aξ) =

n∏
i=1

exp

ξi n∑
j=1

Aijξj

 =

n∏
i=1

1 + ξi

n∑
j=1

Aijξj

 . (4.1)

When expanding (4.1), since we are integrating with respect to D(ξ, ξ),
only the term containing ξi for all i = 1, ..., n survives integration, which
gives rise to

n∏
i=1

ξi

 n∑
j=1

Aijξj

 =

n∏
i=1

ξi

 n∑
ji=1

Aijiξji

 .

Similarly, the terms that give non-vanishing contribution after integrating
must contain ξ1 · · · ξn up to permutation. They have the form∑

σ∈Sn

A1jσ(1)
· · ·Anjσ(n)

ξnξjσ(n)
· · · ξ1ξjσ(1)

. (4.2)

Putting ξnξjσ(n)
· · · ξ1ξjσ(1)

into a standard order, i.e., ξnξn · · · ξ1ξ1, yields
the sign of the permutation σ, so that (4.2) becomes

∑
σ∈Sn

n∏
i=1

Aijσ(i)
sgn(σ)ξnξn · · · ξ1ξ1.

Since ∫
D(ξ, ξ)ξnξn · · · ξ1ξ1 = 1,

we get the claim.

Next we state Wick’s theorem which, like in the real case, allows one to
compute multipoint functions for a Gaussian vector. In the statement, we
are thinking of ξ resp. ξ as (n×1)-dimensional vectors. The version of the
Theorem we need is the following, but more can be found in [10, Theorem
A.16], together with their proofs. We will use, for a matrix A ∈ Mn(R),
the notation

Aic, jc , i, j ∈ [n]

for the submatrix obtained removing row i and column j from A.

Theorem 4.2 (Wick’s theorem). Let A be an n× n, B an r × n and
C an n× r matrix respectively with coefficients in R. For any sequences
of indices I = {i1, . . . , ir} and J = {j1, . . . , jr} in [n] of the same length
r, if the matrix A is invertible we have that
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1. if we make the choice of ordering i1 < · · · < ir and j1 < · · · < jr, then∫
D(ξ, ξ)

r∏
α=1

ξiαξjα exp
(
(ξ, Aξ)

)
= (−1)

∑
α iα+

∑
α jα det (Aic, jc) .

2.

∫
D(ξ, ξ)

r∏
α=1

(
ξ
T
C
)
α

(Bξ)α exp
(
(ξ, Aξ)

)
= det(A) det

(
BA−1C

)
.

If #I ̸= #J , the integral is 0.

5 Grassmannian calculus and uniform span-
ning trees

At this stage we would like to show one main area of application for Grass-
mannian variables: studying spanning trees. Indeed we will show that
Grassmann variables can completely describe the edge probabilities of so-
called uniform spanning tree, whose definition we will recall now.

For the rest of this Section, we will let G = (V, E, w) be a finite
connected graph with vertex set V and edge set E. We will assume that
each edge e = (u, v), u, v ∈ V , has an edge weight we = wuv > 0. In
particular, edges are unoriented.

Definition 5.1 (Spanning tree). A finite subgraph T ⊆ G is called a
spanning tree of G if

• it has no cycles, i. e. there is no non-empty subset of the edge set of
H that forms a path1 such that the first node of the path corresponds
to the last;

• it is connected, and

• it is spanning, i. e. every v ∈ V has at least one edge of H incident
to it.

It is easy to see that any connected and finite graph possesses a finite
number TG of spanning trees (and that this number is non-zero). There-
fore, it is legit to define a uniform probability on the set of spanning trees.

Definition 5.2 (UST). The uniform spanning tree is the probability
measure on the set of all spanning trees of G with probability mass function

P(t) =
1

TG

for t a spanning tree of G.

1A graph path is a sequence {v1, v2, . . . , vk} of distinct vertices such that (xi, xi+1)
are graph edges for all 1 ≤ i ≤ k − 1.
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In order to understand the UST measure, one has to get hold of the
constant TG, more specifically needs to count the number of spanning trees.
To this end, we will need the following object: the Laplacian matrix, which
we have briefly encountered on the square lattice in the Introduction.

Definition 5.3 (Laplacian matrix). The Laplacian (matrix) ∆ = ∆(G)
is the matrix indexed over V defined as

∆(u, v) :=


wuv if e = (u, v) ∈ E,

− degG(u) := −
∑

v∈V wuv if u = v,

0 otherwise.

It follows from the definition that 0 is an eigenvalue for ∆ with eigen-
vector

(1, 1, . . . , 1)︸ ︷︷ ︸
|V | times

.

One can in fact prove [12, Chapter 1] that all eigenvalues of −∆ are real and
non-negative, and that the eigenvalue zero has multiplicity one. We are
now ready to prove Kirchhoff’s theorem, or the matrix-tree theorem [30].
This Theorem allows us to count the number of spanning trees as a deter-
minant of (a submatrix of) the Laplacian. We will give a “Grassmannian
proof” for it, which is due to [18]. A more extended version of this Theorem
can be found in [1].

Theorem 5.4 (Matrix-tree theorem). Choose an arbitrary o ∈ V .
Then

TG = det(−∆oc, oc).

Proof. Let us call −∆oc, oc := O. By Theorem 4.2 1. we have that∫
D(ξ, ξ)ξoξoe−(ξ,∆ξ) = det(O). (5.1)

Therefore, we need to show that the left-hand side above counts the num-
ber of spanning trees of G. We expand the exponential as follows: fixing
u, and taking into account the nilpotency of the generators, we have

exp

(
−

#V∑
v=1

ξu∆(u, v)ξv

)
= 1 +

#V∑
v=1

ξu∆(u, v)ξv

= 1 −
∑
v ̸=u

ξuξvwuv + ξuξu

∑
v ̸=u

wuv

 .

By symmetry, a term like wuv can appear together with a pair of variables
of the same index (ξuξu or ξvξv) or with a pair of variables with different
indices (ξuξv or ξvξu). We will now count graphically each appearance,
encoding it with a different type of arrow (illustrated in Figure 1).
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ξiξjwiji j

ξuξvwuvu v

oξoξo

Figure 1: Arrow encoding for the proof of Theorem 5.4.

If wuv appears in the first instance, we will draw a solid arrow going
from u to v. If wuv appears in the second instance, we will draw a dashed
arrow from u to v. For ξoξo, which appears in the integrand as well, we
will draw no in- or outgoing arrow from o. With this encoding, every
polynomial in the left-hand side of (5.1) that has a pair of variables at the
same site will have a corresponding outgoing arrow from there, while for a
pair of fields with one “real” variable on one vertex and one “conjugate”
variable at another vertex the arrow will be dashed (directed from the
“conjugate” site to the “real” one).

By (3.7) one must have exactly one conjugate variable per site. If a
site is visited by the tail of a solid arrow, like node k in Figure 2, or it is o,
the pair of variables is already complete, so this vertex can only be visited
by an arbitrary number of solid arrows, that bring no variable to the head.
If a site is visited by the tail of a dashed arrow, like node j in Figure 2, to
complete the pair of variables it must also be visited by a dashed arrow-
head, and by arbitrarily many solid arrow-heads. We therefore deduce two
statements:

1. dashed arrows come in closed, self-avoiding circuits (since for each out-
going arrow there is one and only one incoming arrow);

2. solid arrows create a subgraph of G whose connected components have
the following property. For each connected component, there must be a
“root structure” such that, for each vertex in the component, either the
vertex lies in the root structure or there is a single path which connects
it to the root, touching it only at the last vertex. This path is oriented
towards the root structure, in other words it is a tree rooted at the
“root structure”.

We need know to understand what kind of root structures we can have.
The possibilities are:
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k j

o

Figure 2: Skematic illustration of arrow configurations for Theorem 5.4.

(i) the vertex o;

(ii) a closed oriented circuit of dashed arrows;

(iii) a closed oriented circuit of solid arrows.

We now show that a polynomial appearing in the integral of (5.1) giving
rise to a root structure of type (ii) cancels exactly the integral contribution
of a polynomial with a root structure of type (iii). Indeed, if there exists
an oriented cycle of dashed arrows on ℓ vertices, which without loss of
generality we call {1, 2, . . . , ℓ}, then the associated polynomial must be
of the form (

−ξ1ξ2w12

) (
−ξ2ξ3w23

)
· · ·
(
−ξℓξ1w1ℓ

)
(3.1)
= − ξ1w12

(
ξ2ξ2w23

)
· · ·
(
ξℓξℓw1ℓ

)
ξ1

= −
(
ξ1ξ1w12

) (
ξ2ξ2w23

)
· · ·
(
ξℓξℓw1ℓ

)
, (5.2)

where in the last equality we have used that the monomials ξiξi are even.
The proof is finished once one notices that the right-hand side of (5.2) is
of type (iii).

Thanks to Proposition 4.1, we can define the Gaussian integration on
GA via its moments as
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⟨F ⟩ := (det(O))−1

∫
D(ξ, ξ)e(ξ, Oξ)F

for all F ∈ GA and {ξi, ξi}i∈V . In view of Theorem 5.4, this means that

⟨1⟩ = 1

which intuitively justifies the idea of “Gaussian probability measure” on
the Grassmann algebra.

In what follows we find a deeper relation between the P-probability
to have some fixed edges in a spanning tree and the expectation ⟨·⟩ of
some fermionic polynomials. We will use throughout this Section the no-
tation O = −∆oc, oc , and use O−1 to denote its inverse, which exists by
Theorem 5.4.

Fix an arbitrary orientation of the edges E. We will denote an oriented
edge as x⃗y. Even if we have never used oriented edges before, one can prove
that this choice does not matter towards the next result (and we will indeed
give a “fermionic” explanation for this). We let

T (x⃗y, u⃗v) = O−1(x, u) −O−1(y, u) −O−1(x, v) +O−1(y, v), (5.3)

be the transfer-impedance matrix (see [9, Section 4]). A classical result
of [9, Theorem 4.2] states that the edge probabilities of the uniform span-
ning tree can be expressed as determinant of the transfer-impedance ma-
trix.

Theorem 5.5 (Burton-Pemantle theorem). For any finite collection
of disjoint undirected edges e1, ..., ek ∈ E,

P(e1, ..., ek ∈ t) = det
(
T (ei, ej)

k
i,j=1

)
for t a spanning tree of G, where the matrix T is defined in (5.3).

Define now, for any edge e = (uv) ∈ E,

ζe := wuv(ξu − ξv)(ξu − ξv). (5.4)

Note that the definition of ζe is independent of the orientation of e.

Lemma 5.6 ([11, Lemma 4.5]). If ∅ ̸= F ⊆ E, then〈∏
f∈F

ζf

〉
= det (T (f, f ′)f,f ′∈F ) .

Proof. Without loss of generality let us assume that F = {f1, . . . , fk},
k ≥ 1, and each edge fi is oriented as −−→uivi. We observe that(

ξui
− ξvi : i = 1, . . . , k

)
= ξ

T
C,

(
ξui

− ξvi : i = 1, . . . , k
)

= Bξ,
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where B = CT and C is a (#V − 1) × k matrix such that the column
corresponding to the i-th point is given by

C(·, i) = (0, . . . , 0, −1, 0, . . . , 0, 1, 0, . . . , 0)T ,

with the −1 (resp. 1) located at the vi-th position (resp. at the ui-th
position). Therefore,〈∏

f∈F

ζf

〉
= (det(O))−1

∫
D(ξ, ξ)

(
k∏

α=1

(
ξ
T
C
)
α

(Bξ)α

)
exp

(
ξ, Oξ

)
.

(5.5)

The lemma now follows from item 2. of Theorem 4.2 and the computation(
BO−1C

)
(f, g) = T (f, g)

for f, g ∈ E.

As a comment to this lemma, note that the independence of ζ from the
direction of the edges explains why the determinant of the transfer matrix,
as already mentioned, is not influenced by our arbitrary choice of the edge
orientation.

The following Theorem is the Grassmannian analogue of [9, Corollary
4.4], which is stated without proof in [32, Equation (3)] and proven in [42,
Proposition 3.6].

Theorem 5.7 (Edge-representation with fermions). For any ∅ ̸=
F, F ′ ⊆ E such that F ∩ F ′ = ∅,

P(F ∈ t, F ′ ∩ t = ∅) =

〈∏
f∈F

ζf
∏

f ′∈F ′

(1 − ζf ′)

〉
.

Proof. Note that, since∏
f ′∈F ′

(1 − ζf ′) =
∑
γ⊆F ′

(−1)|γ|
∏
f ′∈γ

ζf ′ ,

we can write〈∏
f∈F

ζf
∏

f ′∈F ′

(1 − ζf ′)

〉
=
∑
γ⊆F ′

(−1)|γ|

〈∏
f∈F

ζf
∏
f ′∈γ

ζf ′

〉
. (5.6)

By Lemma 5.6 and Theorem 5.5, we have that (5.6), for t a spanning tree,
reduces to
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∑
γ⊆F ′

(−1)|γ|P(F ∪ γ ∈ t) = P(F ∪ γ ∈ t) −
∑

#γ=1,
γ⊆F ′

P(F ∪ γ ∈ t)

+
∑

#γ=2,
γ⊆F ′

P(F ∪ γ ∈ t) + . . .

(5.7)

Now we consider separately the two following cases:

(i) P(F ⊆ t) = 0;

(ii) P(F ⊆ t) ̸= 0.

Case (i). Note that in this case (5.7) equals 0, which proves our claim.

Case (ii). We can now divide each term of (5.7) by P(F ⊆ t). Thus,

1

P(F ⊆ t)

〈∏
f∈F

ζf
∏

f ′∈F ′

(1 − ζf ′)

〉
= 1 −P(∃ ∅ ̸= γ ⊆ F ′ : γ ⊆ t|F ⊆ t)

= P ((∃ ∅ ̸= γ ⊆ F ′ : γ ⊆ t)c|F ⊆ t)

= P(F ′ ∩ t = ∅|F ⊆ t), (5.8)

where the second equality follows from the inclusion/exclusion principle.
To conclude, it suffices to multiply both terms of (5.8) by P(F ⊆ t).

6 Grassmannian calculus and the Abelian
sandpile model

One of the intriguing applications of Grassman calculus lies in its link to
combinatorial models such as the aforementioned USTs and the Abelian
Sandpile Model (ASM). They are both deeply connected to self-organized
criticality and the broader study of complex random systems.

The ASM is also known as the Bak-Tang-Wiesenfeld model [4, 28, 43].
It is a type of cellular automaton defined on a graph, typically a grid,
where each cell (or vertex) can hold a certain number of grains of sand. In
this model, height fields refer to the number of sand grains at each vertex
of the graph. Each vertex i has an associated height hi, which is an integer
representing the number of grains at that vertex. The configuration of the
entire system is given by the set of heights at all vertices. The model
follows a dynamics in three steps. Firstly, grains of sand are added one
at a time to randomly chosen vertices. Secondly, topplings may occur. If
the height at any vertex exceeds a certain threshold kthresh, that vertex
topples, distributing one grain of sand to each of its neighboring vertices.
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This can cause neighboring vertices to exceed their thresholds and topple
as well, leading to a cascade of topplings, known as an avalanche. Finally,
the sandpile stabilizes, meaning this process continues until all vertices are
below the threshold, resulting in a stable configuration.

One of the key features of the Abelian sandpile model is its Abelian
property. This means that the final stable configuration of the sandpile
does not depend on the order in which the grains are added or the order
in which the vertices topple. This property simplifies the analysis and
allows for exact results in many cases. Despite this and its apparently
simple description, studying the ASM presents several notable challenges.
Firstly, the system exhibits multifractal scaling rather than simple finite-
size scaling. This multifractality is a hallmark of systems exhibiting self-
organized criticality. Additionally, the height fields exhibit elaborate, non-
local correlations. While the height-one variables can be handled by local
calculations thanks to the burning bijection [35], higher height variables
involve more intricate interactions. Finally, in 2D large avalanches, though
rare, dominate the statistics in the thermodynamic limit. These rare events
can significantly affect the height field distributions and their correlations.
These factors make the study of height fields in the Abelian sandpile model
a rich and challenging area of research.

The burning bijection relates the stationary measure of the ASM on a
graph to the uniform spanning tree measure of the same graph. A spanning
tree of a finite connected graph G is a subgraph which has no loops and
connects via its edges all points ofG. Kirchhoff’s theorem gives the number
of spanning trees in this setup, giving rise to a uniform probability measure
on all such trees, called the uniform spanning tree. This allows one to give
an alternative description of many observables of the ASM. For example,
for a suitable collection of vertices V the event {degUST(v) = 1, ∀v ∈ V }
is equivalent to {hv = 1,∀v ∈ V }, and that the UST is incident to v via a
preferred edge η(v) (see Figure 3).

This means that the height-one field is a local event, that is, an event
which is measurable with respect to a finite number of edges only, even
as we let the size of the UST grow. This makes it amenable to exact
computations than higher heights, which in contrast are non-local [28].
The perhaps surprising fact is that this 0-1 field is closely related to a
special Gaussian field: the discrete Gaussian free field (DGFF).

6.1 ASM and DGFF

In [22, 13] an interesting relation between the height-one field of the ASM
and the discrete Gaussian free field was unveiled. In order to explain it,
we first need to introduce the DGFF [49, Chapter 2]. The DGFF is a
Gaussian vector indexed over a finite connected graph. In [22, 13], this
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v1

v2

v3

η(v) = East

Figure 3: The event h(v1) = h(v2) = h(v3) = 1 in ASM is equivalent to
the UST incident to vi via the east neighbor.

graph is a subset of Zd, although extensions to many other graphs are
possible. Let us call this graph G = (V, E) with its vertex set V and edge
set E. On it, we define the Laplacian matrix ∆ as follows: for i, j ∈ V

∆(i, j) =


1 if ∥i− j∥ = 1,

−2d if i = j,

0 otherwise.

Finally, we identify the boundary of the graph G as a subset ∅ ̸= C ⊂ V
of vertices. With these notions, we have the following definition.

Definition 6.1 (Discrete Gaussian free field). The discrete Gaussian
free field (DGFF) φ on G with zero-boundary conditions on C is the mean-
zero multivariate Gaussian indexed on V with density (with respect to the

product Lebesgue measure on RV \C) proportional to

exp

−1

2

∑
i, j∈V \C

1

2d
φi(−∆(i, j))φj

 .

For simplicity of notation we now denote the height-one field by h. In [13]
one considers under a suitable rescaling procedure a graphGε = (Vε, Eε) ⊆
Z2, where both the height-one hε and the DGFF φε are defined. One
studies then the ℓ-joint cumulants of first order κ of h. What one finds is
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that, when x
(1)
ε , . . . , x

(ℓ)
ε is a set of ℓ ≥ 2 pairwise distinct points, in the

limit hε satisfies

lim
ε→0

ε−2ℓκ
(
hε
(
x(1)ε

)
, . . . , hε

(
x(ℓ)ε

))
= −4 lim

ε→0
ε−2ℓκ

(
CΦε

(
x(1)ε

)
, . . . , CΦε

(
x(ℓ)ε

)) (6.1)

with C a universal explicit constant, and

Φε(v) :=

2∑
i=1

(φε(v + ei) − φε(v))
2
.

The field Φε can be though of as the gradient squared of the DGFF. One of
the goals of these notes is to elucidate the relation between the “squared
norm” of the DGFF, and the height-one field.

Going back to (6.1), we understand now that, if we want a Gaussian
field with cumulants exactly equal to those of the height-one field in the
limit, we would need to take a complex version of the DGFF (and possibly
sum over 2d, rather than d, directions). However, removing the nega-
tive sign in (6.1) seems out of reach at the moment, as the next Remark
discusses.

Remark 6.2. Consider two distinct random variables X,Y defined on
a common probability space on Rd such that κm(X) = −κm(Y) for any
m ∈ Nd. Thus, formally,

E [exp (t ·X)] =
1

E [exp (t ·Y)]
(6.2)

for any t ∈ Rd . Indeed, by means of Definition 2.3 we can formally write
that

E [exp (t ·X)] = exp

 ∑
m∈Nd

κm(X)

d∏
j=1

t
mj

j

mj !


= exp

−
∑

m∈Nd

κm(Y)

d∏
j=1

t
mj

j

mj !


=

1

E [exp (t ·Y)]
.

But are there any random variables that satisfy (6.2)? An immediate
example are the random variables X = v almost surely and Y = −v
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almost surely, with 0 ̸= v ∈ Rd. The question is now whether there are
more “significant” ones. If such variables exist, one can always construct
a probability space in which they are independent, and in which it holds
that

E [exp (t · (X + Y))] = 1

for all t ∈ Rd, yielding that X = −Y almost surely. Therefore, to find a
non-trivial answer, we need to consider the question in a different setup2.
For this reason, we will now tackle the concept of supersymmetry, that we
present in the next section.

7 Supersymmetry (SUSY)

7.1 SUSY Gaussians

For the rest of the Subsection, let m := #V and n = 2m. We will start
working with superspins, namely vectors living in a space Rn|n which is a
“hybrid” space in which both n standard, real variables and n Grassman-
nian generators live. More precisely, we define a superspin, or supervector,
as the vector

ui = (xi, yi, ξi, ξi)
T , i ∈ V

where xi, yi ∈ R and ξi, ξi are two generators of GA. A smooth super-

function F ∈ C∞(Rn|n) can be written as

F =
∑
I⊆[n]

fI(xI , yI)ξIξI

where fI ∈ C∞(Rn) are smooth functions and ξIξI are Grassmann mono-
mials indexed over I. The body Fb of a superfunction F is defined as
the ordinary smooth function obtained by formally setting all Grassmann
variables to zero:

Fb = f∅(x∅, y∅).

The remaining part is referred to as the soul:

Fs = F − Fb =
∑

∅̸=I⊆[n]

fI(xI , yI)ξIξI .

In superspaces, integration works in the following way.

2If we allow the argument to become imaginary on the right-hand side of (6.2), we get
immediately the example of the independent variables X ∼ N (0, 1) and Y ∼ iN (0, 1)
in d = 1. In fact, such a class of random variables is well-studied, and we are grateful to
Christophe Vignat who pointed us out to van Dantzig pairs [34]. The pair is constituted
by two analytic characteristic functions f, g such that f(t)g(it) = 1 for all t ∈ R. See
also [24] for a general approach to this problem.
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7.2 Superintegration

The case of R0|n corresponds to integration in fermionic spaces as we have
already seen in Subsection 3.2. Namely,∫

R0|n
F =

∫
R0|n

∑
∅̸=I⊆[n]

fI(xI , yI)ξIξI :=
∑

∅̸=I⊆[n]

fI(xI , yI)

∫
D(ξ, ξ)ξIξI .

On Rn|n, Berezin measures are written as

du = d(x, y, ξ, ξ) =
∑
I⊆[n]

d νI(x, y)ξIξID(ξ, ξ)

where d νI are measures in Rn. Then∫
F du :=

∑
I

∫
Rn

(∫
D(ξ, ξ)FξIξI

)
d νI(x, y).

For I = ∅ we take d ν∅ to be the Lebesgue measure normalized by πn/2

on Rn and νI = 0 otherwise, obtaining the Berezin-Lebesgue measure on
Rn|n. From now on, we will denote it simply as du.

Example 7.1. If n = 2, a ∈ R and F (u) = exp(−a(x2 + y2) − aξξ) then∫
F du = 1.

Proof. Using the definition of superintegration, we obtain that∫
e−a(x2+y2)−aξξ =

∫
R2

e−a(x2+y2)

(∫
D(ξ, ξ)

(
−aξξ

)) 1

π
dxd y

=
a

π

(∫
R

e−ax2

dx

)2

= 1.

This also explains our choice of normalization of the Lebesgue measure on
Rn.

The interesting fact is that this integral seems to be independent of a,
and we would like to generalize this result, as well as using it as motivating
example to the phenomenon of supersymmetry.

Let A ∈ Mm(C) be an Hermitian positive-definite matrix. If xα =
ℜ(Zα), yα = ℑ(Zα), we recall the identities∫

Cm

exp
(
−
(
Z, AZ

)) m∏
α=1

dxα d yα
π

=

∫
Rn

exp (− (x, Ax) − (y, Ay))

m∏
α=1

dxα d yα
π

= det(A)−1
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and ∫
D(ξ, ξ)e(ξ,Aξ) = det(A).

Thus, by letting

D(Z, Z) :=

m∏
α=1

dxα d yα
π

we get, as in Example 7.1,∫
D(ξ, ξ)D(Z, Z) exp

(
−
(
Z, AZ

)
+
(
ξ, Aξ

))
= 1. (7.1)

Note that the integral (7.1) does not depend on the choice of the matrix
A.

Define now the super inner product between two superspins at i and
j ∈ [n] as

(ui, uj) := xixj + yiyj +
1

2

(
ξjξi + ξiξj

)
. (7.2)

Noting that (
ξ, Aξ

) (3.1)
=

1

2

(
ξ, Aξ

)
− 1

2

(
ξ, Aξ

)
we deduce that (7.1) becomes∫

du exp (− (u, Au)) = 1, (7.3)

where u = (u1, ..., un)T and

(u, Au) :=

n∑
i,j=1

A(i, j)(ui, uj).

The measure defined in (7.3) is called supergaussian measure.

7.3 Localization

Let GA(Rn) be the algebra of smooth functions from Rn into GA, which
is our usual Grassmannian algebra generated by ξ1, ..., ξm, ξ1, ..., ξm. Con-
sider the complex coordinates

z := x+ iy, z̄ := x− iy,

and define

∂

∂zi
=

1

2

(
∂

∂xi
− i

∂

∂yi

)
,

∂

∂z̄i
=

1

2

(
∂

∂xi
+ i

∂

∂yi

)
.
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The supersymmetry generator Q : GA(Rn) → GA(Rn) is then defined as

Q :=

n∑
i=1

(
ξi
∂

∂zi
+ ξi

∂

∂z̄i
− 2zi

∂

∂ξi
+ 2z̄i

∂

∂ξi

)
.

A function F ∈ GA(Rn) is defined to be supersymmetric or Q-closed if
QF = 0, and Q-exact if there exists F ′ ∈ GA(Rn) such that QF ′ = F .
If we prefer to write the supersymmetry generator in terms of the real
vectors x and y, we get that

Q =
1√
i

n∑
i=1

Qi :=
1√
i

n∑
i=1

(
ξi

∂

∂xi
+ ξi

∂

∂yi
− 2xi

∂

∂ξi
+ 2yi

∂

∂ξi

)
.

The fundamental property of supersymmetry is given by the following
localization theorem, whose proof can be found in [5, Theorem 11.4.5].

Theorem 7.2. Let the element F ∈ GA(Rn) be a smooth integrable super-
symmetric form. Then ∫

duF (u) = Fb(0),

where Fb is the body of F evaluated at 0.

As an example, when F = exp(ξ1 +ξ2) = 1+ξ1 +ξ2 (see Remark 3.13),
one obtains

∫
duF (u) = 1.

We can prove that the super inner product is supersymmetric.

Lemma 7.3. For all i, j ∈ [n] one has Q(ui, uj) = 0.

Proof. Since Q formally exchanges generators as follows:

Qxi = ξi, Qyi = ξ̄i, Qξ̄i = −2xi, Qξi = 2yi,

we have, up to a multiplicative constant factor 1/
√
i,

Q(ui, uj) = Qi(ui, uj) +Qj(ui, uj) = ξixj + ξ̄iyj +
1

2

(
−2ξjxi + 2yiξj

)
+ xiξj + yiξj +

1

2

(
2yjξi − 2ξixj

)
= 0.

We can now, for example, apply [5, Example 11.4.4] to the smooth
function exp(−A+ tId) : Rn×n → C for some t ∈ Rn to show that∫

du exp (− (u, Au)) exp ((t,u)) = 1,
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where formally

(t,u) :=

n∑
i=1

(ti, ui).

This is formally equivalent to the cumulative generating function of u
satisfying

E [exp ((t, u))]
SUSY G

= 1,

where E [·]
SUSY G

means the expectation with respect to the supergaussian

measure defined in (7.3). So, if F̃ resp. G̃ is the cumulant generating
function of (x,y) resp. (ξ, ξ) as Gaussian measures in their respective
“worlds”, then F̃ (·) = −G̃(·). Consequently, if F resp. G is the moment
generating function of (x,y) resp. (ξ, ξ) as Gaussian measures in their
respective worlds, then F (·) = 1/G(·), which accomplishes the task pointed
out in Remark 6.2.

We would like to point out that supersymmetry was, in fact, not neces-
sary to explain Remark 6.2 (see also [2]). However, we decided to introduce
it here to give a glimpse into its richness and its many possible applications
in probability theory.

8 Grassmannian calculus and reinforced
processes

Edge reinforced random walks (ERRW) [15, 29] and vertex reinforced jump
processes (VRJP) [16, 17, 44] are history-dependent stochastic processes
where the particle tends to come back more often on locations it has al-
ready visited in the past. Formally, let G = (V,E) be a finite undirected
graph.

Definition 8.1. The ERRW with starting point X0 = i0 ∈ V and ini-
tial weights (Wij){i,j}∈E is the stochastic process (Xn)n≥1 with transition
probabilities

Pi0 (Xn+1 = i | Xn = j, (Xm)m≤n) =
1{i,j}∈E(Wij + Lij

n )∑
{i,k}∈E(Wik + Lik

n )

where Lik
n is the number of times the edge {i, k} has been crossed up to

time n (in either direction).

Since the VRJP can be related to the ERRW [44], in what follows we
only focus on the ERRW. With Grassmann calculus one is able to give an
alternative characterization for the ERRW in terms of a random walk in
random conductances as follows, known in the literature as magic formula
[20, 44].
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Proposition 8.2. On the graph G, the ERRW can be described as a ran-
dom walk in random conductances cij = Wije

ui+uj , where {i, j} ∈ E and
Wij > 0 is an edge weight that may be deterministic or random. Finally,
{ui}i∈V is a family of real random variables with probability measure

µV
W,i0(du) =

√∑
S∈S

∏
{i, j}∈S

Wijeui+uj

∏
{i, j}∈S

e−Wij(cosh (ui−uj)−1)

×
∏

i∈V \{i0}

e−ui

√
2π

dui δ(ui0),

(8.1)

where i0 is the starting point of the process, and S is the set of span-
ning trees over the graph G. We denote the corresponding expectation by
EV
W,i0

[·].

We refer the interested reader to [21, 20, 19, 44, 45], where key prop-
erties of the above measure were obtained using its relation to non-linear
sigma models where the spin has both real and Grassmann components.

Proof of Proposition 8.2. In what follows we use Grassmann variables to
derive the measure in (8.1).

Consider the Grassmann algebra GA generated by {ξi, ξ̄i}i∈V and as-
sociate with each point i ∈ V a spin vi = (xi, yi, zi, ξi, ξ̄i) ∈ R3|2, i.e.,
the three components xi, yi, zi are real and the two components ξi, ξ̄i are
Grassmann variables. We introduce the non-positive definite bilinear form

⟨v, v′⟩ := xx′ + yy′ − zz′ + ξξ̄′ − ξ̄ξ′.

By adding the additional constraint ⟨v, v⟩ = −1, we further obtain that

z = ±
√

1 + x2 + y2 + 2ξξ̄.

By choosing the positive part, we obtain the supersymmetric hyperbolic
sigma model H2 with two additional Grassmann components, which mo-
tivates the name H2|2. We now define the energy of a spin configuration
v = {vi}i∈V as

EV (v) =
∑

{i,j}∈E

Wij ⟨vi − vj , vi − vj⟩

= −2
∑

{i,j}∈E

Wij(1 + ⟨vi, vj⟩)

= 2
∑

{i,j}∈E

Wij(zizj − (1 + xixj + yiyj + ξiξ̄j − ξ̄iξj)). (8.2)
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Note that EV (v) ∈ GA is even and hence e−EV (v) is well-defined. We
introduce now the analogue of the magnetic field by setting vi0 = o :=
(0, 0, 1, 0, 0). The Gibbs measure can be written as

⟨f(v)⟩VW,i0
=

∫
(H2|2)V \{i0}

dδ(vi0 − o)
∏
j ̸=i0

(
dxjdyj

2π
∂ξj∂ξ̄j

1

zj

)
e−EV (v)f(v)

for regular enough functions f . The factor 1/z appears because we are
integrating over the non-linear manifold H2|2. This model is connected to
the probability measure µV

W,i0
(u) introduced in (8.1) as follows:

EV
W,i0 [f(eu)] = ⟨f(x+ z)⟩VW,i0

.

This can be seen by performing the change of coordinates (x, y, ξ, ξ̄) 7−→
(u, s, ψ̄, ψ) (horospherical coordinates) defined via

x = sinhu− eu
(
s2

2
+ ψ̄ψ

)
, y = eus, ξ = euψ̄, ξ̄ = euψ,

where u and s range over the real numbers. Note that (u, s, ψ̄, ψ) are
globally defined coordinates and

(u, s, ψ̄, ψ) = (0, 0, 0, 0) ⇔ (x, y, ξ, ξ̄) = (0, 0, 0, 0).

The expression for the energy (8.2) in them is

EV (v) =
∑

{i,j}∈E

Wij(Sij − 1),

where
Sij = Bij + (ψ̄i − ψ̄j)(ψi − ψj)e

ui+uj ,
Bij = cosh (ui − uj) + 1

2 (si − sj)
2eui+uj .

Conditioned on u, the variables s, ψ̄, ψ are Gaussian distributed with co-
variance C(u), and therefore the corresponding integral can be performed
exactly. The result is formula (8.1). For more details we refer to [21].

9 Grassmannian calculus and random ma-
trix theory

This Section is based on [51, Sec. 4.4] (see also [27, Sec. 10.3.2]). Here
we are going to use Grassmann calculus to prove a staple result in ran-
dom matrix theory: the classical Wigner semicircular law convergence for
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the empirical distribution of the eigenvalues of a Gaussian unitary ensem-
ble (GUE). The core idea is to compute the limiting spectral distribu-
tion of large random Hermitian matrices by leveraging fermionic integrals.
These integrals are particularly efficient when dealing with Gaussian en-
sembles, where expectations over matrix entries can be performed exactly
due to Wick’s theorem or Gaussian integration rules (see Proposition 4.1).
Thus, fermionic variables help because Grassmannian integrals encode de-
terminants compactly and allow us to manipulate them analytically. For
matrices with independent entries, the average over the ensemble can be
combined with Grassmannian calculus to obtain a tractable expression for
the spectral density.

We are now going to state all the necessary definitions for this result.

Definition 9.1. The GUE ensemble is the probability distribution on the
set of N ×N Hermitian matrices with density

P (dA) ∝ exp

(
−N

2
trA2

) N∏
i=1

dAii

∏
1≤i<j≤N

dℜAijdℑAij .

Basically, we are dealing with Hermitian matrices in which the upper-
triangular entries are i. i. d. with distribution N (0, 1)C, and the diagonal
entries are i. i. d. with distribution N (0, 1)R. A celebrated result by
Wigner states that the rescaled empirical spectral distribution (ESD)

µN (dx) :=
1√
N

N∑
i=1

δλi

of the eigenvalues λ1, . . . , λN of a GUE matrix admits a very precise limit.

Theorem 9.2 (Wigner semicircular law convergence). With proba-
bility one it holds that

lim
N→∞

µN (dx) = µsc(dx)

where3

µsc(dx) =
1

2π

√
(4 − x2)+dx

is the Wigner semicircular law.

The method of the proof uses classical tools in random matrix theory
which are then turned into Grassmann language. We will now define a few

3In this instance, the a.s. limit of the measures indicates that lim
N→∞

µN (−∞, λ) =

µsc(−∞, λ) a. s. for all λ ∈ R.
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objects (the interested reader can look up for example [47, 3] for in-depth
monographs on the topic). For an Hermitian matrix HN of size N × N
define its resolvent as

RN (z) := (HN − zIN )−1, z ∈ C+,

where IN is the N × N identity matrix. Moreover for a positive finite
measure µ on the real line we define its Stieltjes transform as

Sµ(z) :=

∫
µ(dx)

x− z
, z ∈ C \R . (9.1)

The opposite −Sµ(·) is often called the Cauchy transform. Finally, let us
point out the difference between the notations for the trace

Tr(HN ) :=

N∑
i=1

[HN ]ii

and the normalized trace

tr(HN ) =
Tr(HN )

N

that we are going to use in the sequel.

The key result is that convergence of Cauchy-Stieltjes transforms im-
plies weak convergence of the underlying probability measures. To be
precise, what we are actually going to prove is that the average measure
µ̃N := E[µN ] converges weakly to the semicircle distribution. At the ex-
pense of not showing Theorem 9.2 in its full form, we wish to convey the
gist behind the use of fermionic calculus in random matrix theory.

Proof of Theorem 9.2 (abridged version). First by complex Gaussian inte-
gration (Def. 2.4) we can write, for 1 ≤ i ≤ j ≤ N ,

[zIN −HN ]−1
ij = sdet (s (zIN −HN ))

∫
D(Z)ZiZje

−s(Z, (zIN−HN )Z),

(9.2)
where we introduce the shorthand notation

D(Z) :=

N∏
i=1

dℜ(Zi) dℑ(Zi)

π

and s := −i sgn(ℑz) is chosen so that the integral in (9.2) is convergent.
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This implies that

Tr(zIN −HN )−1

=
∑
i

(zIN −HN )−1
ii

=s det (s (zIN −HN ))

∫
D(Z)

(
N∑
i=1

ZiZi

)
e−s(Z, (zIN−HN )Z).

Thus, since Sµ̃N
= E[tr(RN )], we get

− 1

N
Tr(RN (z)) =

s det (s (zIN −HN ))

N

∫
D(Z)

(
Z,Z

)
e−s(Z, (zIN−HN )Z).

(9.3)
We use now Proposition 4.1 to develop the determinant in (9.3) obtaining

−Sµ̃N
(z)=

s

N

∫
D(Z)

∫
D(ξ, ξ)

(
Z,Z

)
e−s(ξ, (zIN−HN )ξ)e−s(Z, (zIN−HN )Z)

=
s

N

∫
D(Z)

∫
D(ξ, ξ)

(
Z,Z

)
e−sz[(Z,Z)+(ξ,ξ)]es(Z,HNZ)+s(ξ,HNξ).

(9.4)

To obtain (9.1) we will now compute an expectation E with respect to the
GUE measure of one of the integrand terms, namely

E
[
es(Z,HNZ)+(ξ,HNξ)

]
= exp

(
− 1

2N

[
(Z, Z)2 + 2 (ξ,Z)

(
Z, ξ

)
−
(
ξ, ξ
)2])

.

(9.5)

Note that in (9.4) one needs to bring the expectation with respect to the
GUE measure inside the integrals. This is indeed possible because the
integral has a Gaussian decay in HN , the Grassmann integration produces
only finitely many terms and lastly the bosonic integral is absolutely con-
vergent thanks to the fact that s is chosen according to sgn(ℑz). This
implies that the combined integrand is absolutely integrable in the HN -
variable, so that Fubini-Tonelli’s theorem gives the desired result. We
introduce the Hubbard-Stratonovich transformation

exp

(
1

2N

(
ξ, ξ
)2)

=

√
N

2π

∫
R

dv exp

(
−v
(
ξ, ξ
)
− N

2
v2
)

(9.6)

which follows from a standard Gaussian integration in R. Plugging (9.6)
and (9.5) into (9.4) we can perform first the integral in the Grassmann
variables obtaining∫

D(ξ, ξ) exp(−(ξ,Kξ)) = det(K)
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with

K := (sz + v)IN +
1

N
ZZ

T
.

Note that ZZ
T

is an N ×N matrix. The determinant of K is computed
in [51, Eq. (4.18)] as

det(K) = (sz + v)N−1

(
sz + v +

(Z, Z)

N

)
.

Therefore, (9.4) has now reduced to

−Sµ̃N
(z) = − s

N

√
N

2π

∫
CN

D(Z)

∫
R

dv
(
Z,Z

)
(sz + v)N−1

×
(
sz + v +

(Z, Z)

N

)
× exp

(
−sz(Z, Z) − (Z, Z)2

2N
− N

2
v2
)
.

(9.7)

The integral depends on the quadratic term (Z, Z), so introducing polar
coordinates will help us calculate it. We set ρ := (Z, Z) and transform the
right-hand side of (9.7) into

s

N !

√
N

2π

∫
R

dv

∫ ∞

0

dρ
sz + v + ρ

N

sz + v
h(z, v, ρ) (9.8)

with

h(z, v, ρ) := ρN (sz + v)N exp

(
−szρ− ρ2

2N
− N

2
v2
)
.

Since we are interested in the N → ∞ limit, we will evaluate the integral
through the saddle point method. The saddle points v0, ρ0 of h(·) are

v0 = −sz
2

±
√

1 − z2

4
,

ρ0
N

= −sz
2

±
√

1 − z2

4
(9.9)

as well as {v0 = −sz, ρ0 = 0}. However, we can exclude the latter couple of
points, since the integrand vanishes at them. We also notice that if in (9.9)
one takes points with square roots having opposite signs the integrand will
also vanish. Therefore, we will choose ρ0 having positive real part (since
the integral in ρ runs from zero to infinity) and we obtain h(z, v0, ρ0) =
NN exp(−N). On the other hand, the second derivatives of h(·) at the
saddle points are
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∂2 lnh

∂v2
= −N

(
1

(sz + v0)2
+ 1

)
,

∂2 lnh

∂ρ2
= −

(
N

ρ20
+

1

N

)
∂2 lnh

∂v∂ρ
= 0,

∂2 lnh

∂v2
∂2 lnh

∂ρ2
= 4 − z2.

From (9.8) we can conclude that

lim
N→∞

−Sµ̃N
(z) = lim

N→∞

NN+1/2e−N

N !

s√
2π

sz + v0 + ρ0

N

sz + v0

2π√
∂2 lnh
∂v2

∂2 lnh
∂ρ2

= 1
2

(
z + s

√
4 − z2

)
.

(9.10)
If z ∈ C+ then s = −i, which implies that (9.10) is equal to minus the
Stieltjes transform of the semicircular law

z −
√
z2 − 4

2

whenever we consider the square root with non-negative imaginary part
(or real part if the imaginary part is zero).
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[28] A. A. Járai. Sandpile Models. Probab. Surv., 15:243–306, 2018.

[29] M. S. Keane and S. W. W. Rolles. Edge-Reinforced Random Walk
on Finite Graphs. In P. Clément, F. den Hollander, J. van Neerven,
and B. de Pagter, editors, Infinite Dimensional Stochastic Analysis
(Amsterdam, The Netherlands, February 11-12, 1999), pages 217–
234. Royal Netherlands Academy of Arts and Sciences, 2000.

[30] G. Kirchhoff. On the Solution of the Equations Obtained from the
Investigation of the Linear Distribution of Galvanic Currents. IRE
Trans. Circ. Theor., 5(1):4–7, 1958.

[31] Y. Le Jan. On the Fock Space Representation of Functionals of the Oc-
cupation Field and Their Renormalization. J. Funct. Anal., 80(1):88–
108, 1988.

[32] Y. Le Jan. Loop Interactions and Their Representations in Fock
Space. https://doi.org/10.48550/arXiv.1902.05121, February 2019.

[33] A. C. Lewis. Hermann G. Grassmann, Ausdehnungslehre, (1844).
In K. H. Parshall and D. E. Rowe, editors, Landmark Writings in
Western Mathematics 1640–1940, pages 431–440. Elsevier, 2005.

https://doi.org/10.48550/arXiv.1902.05121


70 S. Baldassarri and A. Cipriani

[34] E. Lukacs. Contributions to a Problem of D. van Dantzig. Theory
Probab. Appl., 13(1):116–127, 1968.

[35] S. N. Majumdar and D. Dhar. Equivalence Between the Abelian
Sandpile Model and the q → 0 Limit of the Potts Model. Physica A,
185(1):129–145, June 1992.

[36] P. McCullagh and J. Møller. The Permanental Process. Adv. Appl.
Probab., 38(4):873–888, 2006.

[37] K. S. Miller. Complex Gaussian Processes. SIAM Rev., 11(4):544–567,
1969.

[38] G. Parisi and N. Sourlas. Random Magnetic Fields, Supersymmetry,
and Negative Dimensions. Phys. Rev. Lett., 43(11):744–745, 1979.

[39] G. Peano. Geometric Calculus: According to the Ausdehnungslehre of
H. Grassmann. Springer, 1999.

[40] G. Peccati and M. S. Taqqu. Wiener Chaos: Moments, Cumulants
and Diagrams: A Survey with Computer Implementation, volume 1.
Springer, 2011.

[41] V. N. Plechko. Fermionic Integrals and Analytic Solutions for
Two-Dimensional Ising Models. https://doi.org/10.48550/arXiv.
cond-mat/9812434, 1998.

[42] A. Rapoport. Correlations in Uniform Spanning Trees: A Fermionic
Approach. J. Stat. Phys., 192:145, 2025. To appear.

[43] F. Redig. Mathematical Aspects of the Abelian Sandpile Model. In
G. Benfatto, G. Gallavotti, et al., editors, Les Houches, volume 83
of Lecture Notes of the Les Houches Summer School, pages 657–729.
Elsevier, 2006.

[44] C. Sabot and P. Tarrès. Edge–Reinforced Random Walk, Vertex–
Reinforced Jump Process and the Supersymmetric Hyperbolic Sigma
Model. J. Eur. Math. Soc., 17:2353–2378, 2015.

[45] C. Sabot and X. Zeng. A Random Schrödinger Operator Associated
with the Vertex Reinforced Jump Process on Infinite Graphs. J. Am.
Math. Soc., 32(2):311–349, 2019.

[46] S. Samuel. The Use of Anticommuting Variable Integrals in Statisti-
cal Mechanics. I. The Computation of Partition Functions. J. Math.
Phys., 21(12):2806–2814, 1980.

https://doi.org/10.48550/arXiv.cond-mat/9812434
https://doi.org/10.48550/arXiv.cond-mat/9812434


Grassmannian calculus for probability 71

[47] R. Speicher. Lecture Notes on “Random Matrices”. Lect. Notes Non-
commut. Probab., 2020. https://www.math.uni-sb.de/ag/speicher/
web video/index.html.

[48] S. Sternberg. Lectures on Differential Geometry, volume 316. Am.
Math. Soc., 1999.

[49] A.-S. Sznitman. Topics in Occupation Times and Gaussian Free
Fields, volume 16. Eur. Math. Soc., 2012.

[50] V. S. Varadarajan. Supersymmetry for Mathematicians: An Intro-
duction. Am. Math. Soc., 2004.

[51] F. Wegner. Supermathematics and Its Applications in Statistical
Physics. Lect. Notes Phys., 920, 2016.

[52] J. Wess and J. A. Bagger. Supersymmetry and Supergravity: Revised
Edition. Princeton Univ. Press, 2020.

[53] M. R. Zirnbauer. Anderson Localization and Non-Linear Sigma Model
with Graded Symmetry. Nucl. Phys. B, 265(2):375–408, 1986.

Simone Baldassarri
Gran Sasso Science Institute
L’Aquila, Italy
simone.baldassarri@gssi.it

Alessandra Cipriani
UCL, Department of Statistical Science
London, United Kingdom
a.cipriani@ucl.ac.uk

https://www.math.uni-sb.de/ag/speicher/web_video/index.html
https://www.math.uni-sb.de/ag/speicher/web_video/index.html
mailto:simone.baldassarri@gssi.it
mailto:a.cipriani@ucl.ac.uk

	Introduction
	Mathematical preliminaries
	Notation
	Real and complex Gaussians
	Cumulants of Gaussian vectors

	Grassmannian calculus
	Functions of Grassmann variables
	Differentiation and integration

	Grassmannian calculus and Gaussian random variables
	Grassmannian calculus and uniform spanning trees
	Grassmannian calculus and the Abelian sandpile model
	ASM and DGFF

	Supersymmetry (SUSY)
	SUSY Gaussians
	Superintegration
	Localization

	Grassmannian calculus and reinforced processes
	Grassmannian calculus and random matrix theory

