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1.1 Dirac delta function

Definition 1. We define the Dirac delta function (x) such that

6(x)f (x)dx = f(0) (1.1)

R4

for any bounded continuous function f : R¢ — R.

The following lemma, which follows directly from the definition above, sum-
marizes basic properties of § function.

Lemma 1. The following two identities hold.

1. For any xo € R?, we have
/]Rd 0(xz — xo) f(x)dx = f(zo) . (1.2)
2. [pad(x)dz =1.

Proof. Applying a simple change of variables x — = + x¢ and using (1.1)
we obtain

0(x — zo) f(z)dx = 0(x)f(x + xo)dx = f(xo).
R4 R4
Choosing f =1 in (1.1), we get the second identity. O
Remark. 1. Lemma 1 suggests that 6(z — zg)dz can be viewed as the

probability distribution where the probability is one at the single
point z = xy and the probability is zero elsewhere.

2. Intuitively, delta function can be thought as the limit of Gaussian
density

=2

Yo (x) = (27r<72)_%e_#7 z € R (1.3)

as o0 — 0+. In fact, we can prove that, for a bounded smooth function
f:R? SR,

lim (2)e(x)dx = f(0) = 0(x) f(x)dx . (1.4)

o—0+ Rd Rd

Consider a C'-smooth map ¢ : R? — RF, where 1 < k < d. We will often
encounter the integral

JRCLEE (15)
where z € R*. The integral (1.5) can be rigorously defined as the limit of
integrations with respect to Gaussian densities (see (1.4)). A useful identity
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related to (1.5) is given in the following lemma.

Lemma 2. For two test functions f : R — R and g : R*¥ — R, we have

[ t@ats@nte= [ ([ r@ie-g@niz)seiz.  10)

Proof. Exchanging the order of two integrals and using the first identity
(1.2) in Lemma 1, we can derive

/Rk ( L f(z)d(z — §(x))dx)g(z)dz

= [ 1@ [, 918~ g(e)iz) e
- [ r@ste@)is.

From Lemma 2, it is not difficult to verify that, for any fixed z € R¥,

/ 9(&()) f(2)0(z — {(x))dw = 9(2)/ f(@)o(z = &(x))dw. (1.7
R4 Rd

Example (Linear map ¢). Let £ = (y,2) € R%, where y € R and 2z €
RF denote the first d — k components and the last & components of z,
respectively. Consider the linear map

Ex)=€(y,2) =2, Vo= (z,y) R, (1.8)

Then, the integral (1.5) can be expressed as

/ F(&)6(z — £(a"))de’
Rd

:/ / f,2")o(z — 2')dy'dz’
REJRAE (1.9)
:/Rd_k ( » fl/,2)o(z — z')dz’)dy'

= [ 2

where we have exchanged the order of integrals and used the identity (1.2)

of Lemma 1.
To summarize, in the linear case, the integral (1.5) is simply the inte-

gration of f(y, z) with respect to its first variable y.
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1.2 Conditional expectation

Let X be a random variable in R? whose probability density is p(z). The
following result provides the probability density of Z = £(X), which is a random
variable taking values in R¥.

Lemma 3. The probability density of Z = £(X) is given by
Q(z) = / p(2)6(z — &(x))dx, zeRF. (1.10)
Rd

Proof. Let g : R® — R be a test function. Using the fact that the proba-
bility density of X is p and Z = £(X), let us derive

=Ex~p(9(£(X))) (1.11)

= [ o) [ p@st: =~ @)aa)a,

where we have used Lemma 2 to derive the last equality. Since the deriva-
tion (1.11) above is true for a general test function g, we conclude that the
density of Z = £(X) is given by (1.10). O

Choosing g = 1 in (1.11), we have that

- Q(z)dz = /Rd p(z)de =1. (1.12)

Therefore, @ is indeed a probability density. Informally, the expression (1.10)
states that the density of Z = £(X) at z is the “sum” of the density p(zx) for
all z € R? such that &(x) = 2. In literature, @ is often termed as “marginal
density”.

Now, we introduce conditional expectation.

Definition 2. Let X be a random variable in R¢ whose probability density
is p. Let z € R* and f : RY — R, we define the expectation of f(X)
conditioned on the event that £(X) = z as

_ Jga F(2)0(E(2) — 2)p(x)da

e , (1.13)

E(f(X)|§(X) = 2)

where Q(z) is defined in (1.10).
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Example. As in the previous example, consider again the linear map in
(1.8). Using a similar argument as in (1.9), we can derive

F(@)5(e(x) — )p(a)dz = / £ 2)ply, 2)dy
Re Re=E (1.14)

Qz) = / p(y, 2)dy .
Rd—k
Therefore, in this case, the conditional expectation can be expressed as

_ Jra—r f(y, 2)p(y, 2)dy
f]Rd—k p(y, z)dy '

E(F(0)|6(X) = ) (1.15)

In the following result, we state a useful identity related to the conditional
expectation.

Proposition 1 (Law of total expectation). For a test function f : R? — R,
we have

E(f(X)) = Eang (E(F(O[E(X) = 2)) - (1.16)

Proof. Using (1.13), we can compute the right hand side of (1.16) as
E.o (E(F(X)[6(X) = 2))

- [ (BU0[) = 2)) Qs

:/ (f]Rd f(@)d(&(w) — 2)p(x)dx
R Q(z)

= / F(2)8(¢(x) — 2)p(x)dadz (1.17)
Rk Rd

) Q(z)dz

= |, J@w)(

- [ faplayis
=E(f(X)).

0(&(x) — z)dz) dx

RE

O

Proposition 1 states that the (full) expectation of f(X) can be computed in two
separate steps, namely, by first taking expectation conditioning on £(X) = z,
and then taking expectation with respect to the density Q(z).

We conclude this section with a characterization of conditional expectation.

Proposition 2. Given a function f : R* — R, define

f) =E(f(X)|¢(X) =2), zeRE (1.18)
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Then, for any ¢ : R — R, we have

E(|£(X) - FleCO”) <E(IF(0) - g€X)E) . (119)

Proof. Let us compute the right hand side of (1.19). Using Proposition 1,
we have

E(|£(X) - g(e(x)|")
—E(f2(X)) + E( - 2£(X)g(£(X)) + ¢*(6(X)) )
—E(£2(X)) + Eang[E( - 2£(X)g(6(X)) + g2(6(X))[6(X) = 2) ]
=E(f3(X)) + Eznq( — 20(2)E >|5<X>:z)+g2<z>)
=E(f3(X)) + E.~ Qﬂg =) - (¢ <X>z))2]

(f2 —E.~ Q(f2 ) +Ez~Q(|g f(Z)|2) :
(1.20)
Since the above derivation holds for a general test function g, taking g = f,
we see that the left hand side of (1.19) can be written as

E(|£(X) - FEX))[?) = E(fA(X)) — Eang (2(2)) (1.21)
Substituting (1.21) into (1.20), we obtain, for a general test function g,

B(|£X) - gXDI*) = B(|£(X) = FED]*) + Eana(Jo() - F2)°)

which implies (1.19). O

Proposition 2 states that the conditional expectation (1.18) minimizes the mean
square error from f(x) among all functions of the form g(¢(z)).

1.3 Flow-based generative models

Assume that a dataset is given, which is sampled from a target density p; =
Dtarget O1L R?. Also assume that a prior density py on R?, typically a Gaussian
density, is chosen, such that one can directly generate samples according to pg.

For t € [0,1], we define p(-,t) as the probability density of the random
variable

Xt = (1 — t)XO + tXl s where Xo ~ Do, X1 ~ Pp1. (122)
Because X; = Xp at t =0 and X; = X; at t = 1, we clearly have
p(0) =po, p(1)=p1. (1.23)

Our goal is to learn a vector field u : R? x [0,1] — R? such that, starting
from a random initial state Yy ~ pg, the transition density of the ODE

% —uYit), teo1] (1.24)
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at time t coincides with p(-,t) for any ¢ € [0,1]. In particular, by construction
we have Y7 ~ p(-,1) = p;. Therefore, if we are able to learn the vector field u,
we can sample the initial state Y according to the prior py and then simulate
(1.24) to get samples Y7 that are distributed according to the target density.
To achieve this goal, let us first recall that the probability density of Y; under
the ODE (1.24), denoted by ¢(-,t), satisfies the following continuity equation

oq . B
n + div(ug) =0. (1.25)

The following result provides the equation that is satisfied by the density

Proposition 3. The probability density p(z,t) of X; in (1.22) solves the
equation

op(x,t

% + div(IE(Xl — Xo|X, = x)p(:z:,t)) =0 (1.26)

in a weak sense.

Proof. Let f € R?x [0,1] — R be a C''-smooth test function with compact
support and

Integrating by parts and using (1.27), we have

/ Rdf ( D gpat = //Rdaf v, t)dadt.  (1.28)

For the right hand side of (1.28), we can derive

/ /Rdaf“ t)ddt

— ['e(Zoxn)a (129
[ - S

where the last equality follows from the chain rule. Using (1.22) and (1.27),
we can continue to derive

//Rdaf”  t)dwdt

:_/ E(ZJ;(Xt, t) — Vf(Xt,t)~dj§t>dt

) (1.30)
- E(f(Xl, 1) — f(X0,0)> +/O E(Vf(Xt,t) Xy — Xg))dt

:/1E(Vf(xt,t) (X1~ X)) dt.
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To proceed, we use the law of total expectation (see Proposition 1) and

derive
B /1 / af (x,t)
0 Rd at
1

:/ E(Vf(Xt,t)-(Xl —Xo))dt

0

p(x, t)dxdt

/1 Eonp(a,t) [E (Vf(Xt’t) (X1 - X0>‘Xt - Iﬂdt
! (1.31)

1
:/ Eepien) (V(2,8) - E(X1 = Xo|X, = z) )dt
0
1
:/ Vf(z,t) ~E(X1 — X0|Xt = x)p(m,t) dxdt
0 JR4

1
=— / f(m,t)div(E(Xl - Xo|X: = :c)p(x,t))dxdt,
o Jre

where the last equality follows from integration by parts. The equation
(1.26) is obtained after combining (1.28) and (1.31). O
Comparing (1.25) and (1.26), we can see that, in order to match the density
q(+,t) of the ODE flow with the density p(-,t), we can choose the vector field u
as the conditional expectation in (1.26). Specifically, we consider the objective

/01 Egp(a,t) (’U(m,t) - E(X1 - X0|Xt = x) ’2>dt

1
:/ EI’NP(CE,U (|u(m,t)|2 — 2u(z,t) - ]E<X1 — X()’Xt = x))dt +C
0 (1.32)

1
:/ Eorp(ot [E(|u(Xt,t)|2 — 2u(X,t) - (X) — Xo)‘Xt - x)]dt +C
0
1
:/0 EX@Npo,X1NP1 (’u((l — Tf)Xo + tXq, t) — (Xl — Xo)r)dt + C,

where C' is a constant independent of u and we have used Proposition 1 to derive
the last equality. The derivation above implies that we can learn the conditional
expectation in (1.26) using the loss function

Loss(1) = E¢0.11EXo~po. X1 (|u((1—t)X0+tX1, £)— (X, —XO){2) . (1.33)

In fact, instead of the linear interpolation in (1.22), we can consider a more
general “interpolant” I; : R? x R? — R9, for ¢ € [0, 1], which satisfies

Io(z,y) =2, and I (z,y) =y, =,ycR?, (1.34)

and define
Xt = It(Xo, Xl) y Where XO ~ Do, X1 ~ P1 - (135)

In this general setting, Proposition 3 can be generalized, using the same
argument, to the following result.
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Proposition 4. The probability density p(z,t) of X; in (1.35) solves the
equation
Op(z,t)

S div(IE(atIt(Xo,Xl)|Xt - x)p(x,t)) =0 (1.36)

in a weak sense.

Accordingly, the vector field of the ODE flow can be learned with the fol-
lowing objective function

2
Loss(u) = E¢or(0,11E X0 ~po, X1 ~p1 (‘U(It(XO,Xl)at> — 0u1y(Xo, X1))| ) - (1.37)



