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Can one say: ”Where there is no doubt, there is no knowledge either”?

— Ludwig Wittgenstein, On Certainty
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Introduction
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Discriminative Modeling d3eticsir

Task: Determining output y from sample .
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Discriminative Modeling d3eticsir

Task: Determining output y from sample .

We want a function

f(x) ~ply| )
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Discriminative Modeling d3eticsir

cat

Task: Determining output y from sample . i
Input image x

We want a function ;{\ -
a8
f@) =~y | 2) , \E

e ¢

We do not learn anything about how data is

structured in space.

non-cat
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Generative Modeling .‘}enicsir

Task: Model how data is distributed.
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Generative Modeling .‘}enicsir

Task: Model how data is distributed.

We learn
p(z)
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Generative Modeling {:encsir

Task: Model how data is distributed.

We learn
p(z)

We could then generate new samples: © ~ p(z)

Evaluate the plausibility of a sample: p(x)
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Learning p(x)



Problem Setting — Generative Modeling .‘}eucsir

We have a specific finite collection of samples:

= Dataset: D = {z,}V,

= Samples: 7, € R?
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Problem Setting — Generative Modeling

We have a specific finite collection of samples:

= Dataset: D = {z,}V,

= Samples: 7, € R?

Assume data samples have been drawn from an unknown underlying distribution:

Ly~ pdata<$)
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Problem Setting — Generative Modeling .‘}eucsir

Problem. p,., cannot be computed.
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Problem Setting — Generative Modeling .‘}eucsir

Problem. p,., cannot be computed.
However,
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Problem Setting — Generative Modeling

Problem. pg,,, cannot be computed.

However, we can parametrize a model distribution p,, () such that
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Problem Setting — Generative Modeling

Problem. pg,,, cannot be computed.
However, we can parametrize a model distribution p,,(2) such that:

Paara () = Py ()

Py(x) 1.0
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Problem Setting — Generative Modeling .‘}eucsir

Problem. pg,,, cannot be computed.
However, we can parametrize a model distribution p,,(2) such that:

Paara () = Py ()

Py(x)
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Problem Setting — Generative Modeling

Problem. pg,,, cannot be computed.
However, we can parametrize a model distribution p,,(2) such that:

Paara () = Py ()

Py(x)
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Energy-Based Models .‘;’:enicsir

— fa(x)

Given a generic function f (parametrized by ¢), for
it to be a probability density function it must satisfy: 2

![Hinton & Sejnowski, 1985]
[LeCun, Chopra & Hadsell, 2006]
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Energy-Based Models

3000 ool

2500

Given a generic function f (parametrized by ¢), for
it to be a probability density function it must satisfy:

Non-Negativity. g,(7) = e fol®), -

1000

500

![Hinton & Sejnowski, 1985]
[LeCun, Chopra & Hadsell, 2006]
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Energy-Based Models .‘;’:encsir

—fulx)
0020{ — PolX)= ez¢

Given a generic function f (parametrized by ¢), for

it to be a probability density function it must satisfy: oo1s
Non-Negativity. g,(z) = e fol@),

0.010

Normalization to 1. p,(z) = Z%)gd,(a:)
(Zy= fx9¢<x>)-

0.005

0.000

![Hinton & Sejnowski, 1985]
[LeCun, Chopra & Hadsell, 2006]
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Energy-Based Models .‘;’:enicsir

Problem. Usually, Z, 18 intractable.
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Energy-Based Models

Problem. Usually, Z, 18 intractable.
However,
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Energy-Based Models

Problem. Usually, Z, 18 intractable.
However, we can bypass using it by:

Transforming it into an additive term: logp () = log g, (z) — log Z,.
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Energy-Based Models

Problem. Usually, Z, 18 intractable.
However, we can bypass using it by:

Transforming it into an additive term: logp () = log g, (z) — log Z,.

Derivating w.r.t. to x:

0
V, logpy(x) =V, log g, (x) — V, legZ;"
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Score Matching
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Score Function

Definition

Given a probability density function p(z), its score function s(z) is:

s(x) =V, logp(x)
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: o
Generate with Score 3 elicsir

Langevin Dynamics.

—

. Initialize 2, n

2: fort <~ 1to T do

3 z, ~ N(0, I)

4 @ we g+ ns(zy) +V20z,
s: end for

6: return T
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Langevin Dynamics

Step 1 - Score Step 1 - Score + Noise

V. logp(x)
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Langevin Dynamics

Step 2 - Score Step 2 - Score + Noise

V. logp(x)
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Langevin Dynamics

Step 3 - Score Step 3 - Score + Noise

Denoising Score Matching 15/41



Langevin Dynamics

Langevin Trajectory

-2

-4
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Score Matching

To approximate sy, (), we can find:

*=minE
¢ ¢

$() = Sgaea ()]

L~Pdaca [
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Score Matching

To approximate sy, (), we can find:

*=minE
¢ ¢

$() = Sgaea ()]

L™~Paa [

And then employ s . () to generate data.
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Score Matching

Problem. To compute S, (), we would need py,, ().

3[Hyvirinen, 2005]
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Score Matching .‘}enicsir

Problem. To compute S, (), we would need py,, ().
However,

3[Hyvirinen, 2005]
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Score Matching

Problem. To compute S, (), we would need py,, ().
However, it can be shown that ¢* is:

(b* - mdgn E 8(1)(‘7;) - sdata(‘T)”2]

—minE, L, [TV, 5,(2)) + sy @)

L™~Pdata [

3[Hyvirinen, 2005]
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Score Matching — Norm Term
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Minimizing Norm Term
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Score Matching — Norm Term
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Score Matching — Trace Term
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Score Matching — Trace Term

Minimizing Trace Term
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Score Matching — Trace Term

Minimizing Trace Term
—
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Score Matching — Key Problems

Tr(V,, s4(x)) is intractable — we would need to compute O(n?) derivatives.
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Score Matching — Key Problems

Tr(V,, s4(x)) is intractable — we would need to compute O(n?) derivatives.

Score Matching usually gives accurate results in regions very close to the samples.
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Score Matching — Key Problems

Tr(V,, s4(x)) is intractable — we would need to compute O(n?) derivatives.

Score Matching usually gives accurate results in regions very close to the samples.

8}

A Manifold Hypothesis — no samples exist outside the manifold.
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Manifold Hypothesis
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Denoising Score Matching
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Denoising Score Matching .‘}elicsir

Perturbing data points 2 randomly:

T=x+o0e €~ N(0,1I)

4[Vincent, 2010]
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Denoising Score Matching

Perturbing data points 2 randomly:

T=x+o0e €~ N(0,1I)

Determines a corruption process ¢, (Z|x) ~ N (x, o*1I):

45(%) = [ 4,(Z|7) paua(@) dae

xT

4[Vincent, 2010]
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Denoising Score Matching

Perturbing data points 2 randomly:

T=x+o0e €~ N(0,1I)

~ N(z, o1):

Determines a corruption process ¢, (Z|z)
0@ = [ 4,(810) pyl0) da
x

It can be proven that:

V IquU( ) v logpdata< )

4[Vincent, 2010]
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Denoising Score Matching

Problem. Unfeasible:
0. (&) = / 4o (317) pasa (@) d
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Denoising Score Matching

Problem. Unfeasible:

Solution - approximation:
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Denoising Score Matching

The objective is:

9" = mén [E$~Pdam§2~7\/(x, o2I) [H 8¢(‘%) — Vi logq,(Zlz) ||2]
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Denoising Score Matching

The objective is:

~ ~ 2
¢* = m(;n [Ex~pdm,§:~]\/(a:, o21) [|| 8¢<$) - VQE Iog qo(w’w) || ]

o (5]

= mdin [Ex’\“pdata: i‘NN(a“u 0'21) [
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Denoising Score Matching

The objective is:

¢* = qun [Ex~pdm, T~N(z, 021) [|| S¢ ('%) - Va? IOg q0<£”$) ||2]
so(8) — (— 2 ”3 H ]

. €
=mink, v H%(*TJF“) +gH

= MinEy oy i@, 02 [
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Denoising Score Matching

A fixed o cannot actually yield to an usable model.
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Denoising Score Matching

A fixed o cannot actually yield to an usable model.
However,
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Denoising Score Matching

A fixed o cannot actually yield to an usable model.
However, many o can.
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Noise Conditional Score Networks
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Noise Conditional Score Networks

Select a sequence of noise levels: {o;}1 |, witho; > 0y > - > 0,

#[Song & Ermon, 2019]
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Noise Conditional Score Networks

Select a sequence of noise levels: {0, }2 1, witho; > 0y > -+ > 0,
Learn a score function s 4 (7, o) to approximate V ; log ¢, (7 | x), Vo and V.

#[Song & Ermon, 2019]
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Noise Conditional Score Networks

Select a sequence of noise levels: {0, }2 1, witho; > 0y > -+ > 0,
Learn a score function s 4 (7, o) to approximate V ; log ¢, (7 | x), Vo and V.

*[Song & Ermon, 2019]

Denoising Score Matching 30/41



Noise Conditional Score Networks

For a minibatch of size IV, the loss for a noise level o is:

£00) = 235 [su@mon + 222
= — s, 04) +
g N &~ ! o?
1 ) |7
'L'Z(d)) = NZ 8¢(1‘(n>—|—0'6(n),0'>+ p
n=1 )
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NCSN - Example .‘:3e|icsi.-
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NCSN - Example .‘::encsi.-
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NCSN - Example
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NCSN - Example

e ~N(0, I
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NCSN - Example
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NCSN - Example .‘;’:enicsir
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NCSN - Example
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NCSN - Example
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NCSN - Example
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NCSN - Example
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NCSN - Example
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NCSN - Example
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3

NCSN - Example d3eticsir
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NCSN - Example
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NCSN - Example

Denoising Score Matching 32/41



NCSN - Example
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NCSN - Example
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NCSN - Example
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NCSN - Example
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NCSN - Example
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NCSN - Example
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Generate with NCSN d3eticsir

Annealed Langevin Dynamics.

—

. Initialize x,

2: fori < 1to L do

3 a; € -0?/o?

4 fort < 1toT do

5 z, ~ N(0, I)

6: Ty =y g Fas(xy g, ;) + /o g
7 end for

8 Ty Tp

9: end for

10: return x;,
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Generate with NCSN

Annealed Langevin Dynamics.
1: Initialize x
2: fori < 1to Ldo

Annealed Langevin Stage (sigma = 2.0)

3: a; < €-02/o?

4 fort < 1toT do

5 z, ~ N(0, I)

6: Ty Ty T as(T g, 0;) + /052
7 end for

8: Ty < Tp

9: end for

10: return xj,

Denoising Score Matching
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Generate with NCSN d3eticsir

Annealed Langevin Stage (sigma = 1.25)

Annealed Langevin Dynamics.

1: Initialize x

2: fori < 1to Ldo % as o

5 agtc-ofol T P e .
4 fort <+ 1toT do ° . °d ‘. ro°

5 z, ~ N(0, I) d ot o ° .. o
6: Ty x g Fas(z, g, o)+ /052, L, '.: o o.‘° o o
7 end for s e

8 To < Ty o ° °

9: end for )

10: return xj,
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Generate with NCSN d3eticsir

Annealed Langevin Stage (sigma = 0.5)

Annealed Langevin Dynamics.
1: Initialize x,
2: fori <+ 1to L do
3: a; < €-02)o2
4 fort < 1toT do . o \. @ o
S: Zy ~ N(O, I) b h °
& Ty xy g os(z g, o)+ 2 ° ¢ .

7 end for
8 Ty < Tp
9: end for
10: return
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Generate with NCSN d3eticsir

Final Sample After Annealed Langevin Dynamics

Annealed Langevin Dynamics.
1: Initialize x
2: fori < 1to L do
3 a; < €-02/0?
4 fort < 1toT do -
5 2, ~ N (0, T) -# '*
6: Ty -y g Fas(Ty g, 0;) + /a2y
7 end for
8 Ty < Tp
9: end for
10: return x;,
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NCSN = Training .‘}elicsir

Training

Input: dataset D, noise levels o, >0y > ... >0
Initialize network parameters 6

while not converged do:
x < sample from D
0 < sample uniformly from oy, ..., o,
€ + sample from N(0,I)
T+ z+ o€
Yy —€/o
£ |lsy(@, o) —yl[?
update network parameters 0
end while
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Noise Conditional Score Networks — Interlude

Stefano Ermon
Yang Song
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Noise Conditional Score Networks — Interlude

ing I \ianCampﬁ'Sicienc
Stefano Ermon
Yang Song Gianfranco Bilardi
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Evolution of Diffusion Models

NCSN (2019)
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Evolution of Diffusion Models d3eticsir

NCSN (2019) DDPM (2020)

18

Denoising Score Matching 36/41



Evolution of Diffusion Models o‘}el-cs"’

NCSN (2019)
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Thank you!
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Hyvirinen Score Matching Result

56(2) = Saaa ()]

¢* = mggn [Epda(a [
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Hyvirinen Score Matching Result

56(2) = Saaa ()]

¢* = mggn [Epda(a [

156(%) = Saaa (@) = 54(2)% + 5400a(2)* = 2584(7) S ()
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Hyvirinen Score Matching Result

sdata<x) = v:c logpdata<$)

L [—2 54(1) Sqaa ()] = _2/ 56(T) 844 (%) Para () d

~ vadata(x)
= -9 Lo cadn 7
[Oo 8¢(.CIZ> pdam(x) pdata<x) dx

. / 55(@) Vopgua (@) do
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Hyvirinen Score Matching Result
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