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�� µ������ �������� ����� ��������� ������µ������ ��������� ��� ��µ������� �������.
������, �� ������ ������������� ���������� ���� ��� ���������� ����� �������� �� ��������
����������� ��������� ��� ��������� ��� ������µ���� ������� µ��� ������������� ��� ��-
�������� ����µ���������. ��� �������� ����������, ������ �� ���������� ����������,
��������� �� ��������� �� ���µ� µ����� ��� score ��� µ������� ��� ��� score ��� ��-
��µ����, ����µ��������� ���� ��������� ���, ��� ���������� ��� ��� ������ ����������.
�������µ� ��� ���� �� ��µ������ �������� ���� �������� ��� ����µ����, � ������� ���� ���
���� �������� �� ����µ� ��� µ��������� �������. � µ�������� ������� ���������� ����
������� µ����� ��� ����µ���� ������� ���� �� ���� ����������� ��� �� ���� ����µ����-
����� ��� ������ �� µ���µ��� �������� ����µ���� ��� µ������ ��������. ���������µ� ��
SEDM-G++, �� ����� ����µ������ µ�� ���������µ��� ���������� ����µ���������, ������-
������ ��� ���������� ���������� ��� ��� ���µ����� �������. � ��������µ��� ����������
µ�� ��������� �� ������ state-of-the-art ��� ��µ������� ���������� �������.

������ �������
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����, �������� �������, ������ �����������
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Abstract

Di�usion Models have demonstrated remarkable performance in image generation.
However, their demanding computational requirements for training have prompted on-
going e�orts to enhance the quality of generated images through modifications in the
sampling process. A recent approach, known as Discriminator Guidance, seeks to bridge
the gap between the model score and the data score by incorporating an auxiliary term, de-
rived from a discriminator network. We show that despite significantly improving sample
quality, this technique has not resolved the persistent issue of Exposure Bias. Exposure
bias refers to the discrepancy between the input data during training and inference phases
and leads to diminished sample quality in di�usion models. We propose SEDM-G++,
which incorporates a modified sampling approach, combining Discriminator Guidance
and Epsilon Scaling. Our proposed framework outperforms the current state-of-the-art
in unconditional image generation.

Keywords

Di�usion Models, Score-Based Generative Models, Stochastic Di�erential Equations,
Generative AI, Image Generation, Computer Vision
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�����������

� ���������� ����� ��� �����µ������ �������� ��µ�������� �� ����� ��� ����������
�������� µ�� ��� ����� ������������ ��������� ��� ��������� ����������� ��� �.�.�.
�� ����� �� ����������� ���� ��������� ��� ��������� �� ����� ��� ������.

������, ���� ������������ ��� �������� µ��, ��� �. ���� �������µ� ��� ��� ��.
��������� ��������. ��� ��������� ��� ��� �µ��������� ��� µ�� ������� ��� ��� ����-
����� ��� µ�� ������ �� ������� ��� ���������� ��� �������. ���� µ� ���� ���������-
���, �� ����� �� ����������� ��� ��� ��������� ��� ����������� �����µ���� ��������
���µ������ ��� �������, �. ������ ���µ��. ����� ��µ� µ�� �� ���������µ�� µ� ������
���� ����� ������������ ���������, ��� ��������� ������� ��� �µ���, ���� �����µ����,
��� ��� ���� ��� ����� ��� ��� ��������� ����. ��µ�� �����µ�� ��� �� ������������ ����
��� ��� �� ��������� ���������� ���.

�� ����� ������ �� ����������� ��� ���������� µ��. ���� ������ µ��, ���� ��� ������,
��� ��������� ���� ��µ� µ�� ��� ����� ������ ��� �� µ������� �� ���� � �������� ���
��µ�� ��µ���. ��� �����µ��� µ�� ������, ������, ��� ����� ��������� ��� ������ µ��
��� µ� ��������.

�����, ��� µ����� ��������� ����� ������������� ��� ���������� ����, ���� ���������
µ�� ������, ���������, �������, ������, ��µ���� ��� ������. �� �µ������� ���� ���
������µ� µ���, �����������, ��������, ��������������, µ�� ��������� µ� ���µ������ ���
µ�� ���.

��� ���������!

�����, ���µ����� 2023
���������� ������
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Chapter 1

�������� ��� ������� ��������

�� µ������ �������� (di�usion models), �� ����� ���������� ������ ��� ���� Sohl-
Dickstein et al. �� 2015 [6], ����� ��������� �� ��������� ��µ���, ��µ������µ����µ���� ���
��������� ���������� �������, ���������� ���� [7, 8] ��� ���������� ������ [9, 10, 11].
���� ��µ�� ��� �������� �������, �� µ������ �������� �������� ��µ������ ������ �� �����-
���� ������ µ��� ��� ����������� ��� Song ��� Ermon (2019) [4], Ho et al. (2020) [12],
��� Nichol ��� Dhariwal (2021) [13]. �� 2021, �� Song et al. ����������� µ�� ��� ������-
���� ��� �������� �� score-based µ������ ��� �� Denoising Di�usion Probabilistic Models
(DDPMs) �����µ��������� ����������� ���������� ��������� (SDEs) [3]. ��������, �� Kar-
ras et al. (2022) ����������� µ�� ��������µ��� ���������� ��� ����� �������µ�� ���
µ������� �������� ��� ��������� �� µ������ EDM [14], �� ����� ����µ��� µ�� ����� ���
���������������� ���� ��� ���������� ����µ��������� ��� ��� ��� ���������� �����������,
��������� �� ��µ������ �������� ��� �������� ��� ��� ��������� ��� ����µ����.

1.1 ������� ��������

�� µ������ �������� �������������� ��� ����� ���� �� 2015 [6]. �µ�����µ��� ���
�� ���µ�����µ��� µ� ����������, �� µ������ �������� �������� �������� ������ ���
����µ���, �� µ�� ������������ ���������� ������� �������� (forward di�usion process). �
������ ����� �� µ����µ� µ�� ���������� ����������� �������� (reverse di�usion process),
� ����� ������� ��� �������� �������. �����, �� µ������ ���������� ����� �� �������
���������� ����µ��� ��� ������.

1.1.1 ���������� ������� ��������

�� ��������µ� ��� ������µ� ����µ���� x0 ⇠ q(x0). ��� ���������� ��� �������
��������, ������� ����������� �������� �� ��� ������ ����µ���, µ���� �� �����������
� ��µ� ��� ��� �� ����µ��� �� µ��������� �� ������ ������. �� ���� �����, � ������
������� �������������� ��� µ�� ������� Markov, � ����� ������� µ�� ��������� �������
µ��������� x1, x2, . . . xT µ� ������ µ�������� q(xt |xt�1). ������µ� ��� ������µµ� �����-
µ����� {�t 2 (0, 1)}Tt=0, ���� ���� � ������� ��� ����������� �� ����µ��� �� ���� ��������
������� ��µ� t �� ����� µ�� �������� ���������� µ� �����µ���� �t . � ������� Markov
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Chapter 1. �������� ��� ������� ��������

�������� ��� ��� ������ µ��������:

q(xt |xt�1) = N(xt ;
p

1 � �txt�1, �tI) (1.1)

� ������� µ�������� ����� ����� ������������ ��� �� µ������µ������ ��� ������
������µ� ����µ���� �� µ�� �������µ��� ������µ�. �����, � ���������� ��� �������
�������� µ����� �� ���������� ������. �� µ������ �������� �������� ���� ��µ�����
��� ������µ�� ��� ����������� ����������� q(xt�1|xt), � ����� ����� �������.

����� xt ��� ����µ������������ ��� �� q(xt |xt�1) ��� ������� ��µ� t. �������������
��� �� ��µµ� 6.1 ��� ��� ������� 6.1, ��� �� xt µ����� �� ��������� �µ��� �� ���µµ����
�������µ�� ��� x0 ��� µ��� µ��������� ������� �:

xt =
p

�̄tx0 +
p

1 � �̄t�

���� �̄t =
Qt

i=1(1 � �i).
�� ������µ�� N(xt ;

p
�txt�1, (1��t)I) ��� N(xt ;

p
�̄tx0, (1� �̄t)I), ���� �t = 1��t , �����

�������µ��. ���� ����� ��µ������, ����� ��������� �� ����µ�������� ��� �����������
�����µ��� ������µ� ��� ����������� �������� ���� �� �µ���� �� ��� µ��� ��µ�.

1.1.2 ���������� ����������� ��������

� ���������� ����������� �������� µ����� �� �����µ�������� ��� �� ��µ������� ����
����µ���� ����µ����. �� µ������ �������� �������� µ� �� ��µ������� ���� ������� �����-
������ ����µ���� xT ⇠ N(0, I). ��� ��������, � ������� ���������� �������� µ� ���
�������� µ��� µ�����µ�� (learnable) �������� Markov ���� ���������� ������� ����������.
�� Sohl-Dickstein et al. �������� ��� �� �� �t ����� ������ µ����, ���� �� q(xt�1|xt) �� �����
������ µ�� ���������� ������µ� [6]. ��� �� ���������µ� ���������� �������, �� ������
�� µ�������������µ� ���� ������� ��� ����������� �������� ��µ����. � ����µ��� ���
q(xt�1|xt) ����� ��������. ���’ �����, �����µ��������� ���� learnable ������� µ��������
p� ��� ��� ���������� ��� �����������. � ������� ���� ��� �������� µ����:

p�(xt�1|xt) = N(xt�1; µ�(xt, t),⌃�(xt, t)) (1.2)

���� �� � ��µ������� ��� ����µ������ ��� µ������� ��� � µ��� ��µ� µ�(xt, t) ��� � �����-
µ���� ⌃�(xt, t) ����µ������������� ��� ��������� ������.

�� ������ ��� �� ������������ � ���������� ����µ��������� ����� � ���������� ��� ��-
��������� �������� Markov ���� ���� �� µ�µ����� �� ������� ���������� ��� ������� �����-
��� Markov. �� ���� �����, � ����µ����� � ������ �� ���µ����� ���� �� ������������ ��� �
��µ�������� ��� ����������� �������� Markov µ������ µ� ������ ��� ������� �����������.
� ������µ��� ���� ������ �� ����� ������ ���� � ����� ������µ� ��� ����������� ��������
Markov p�(x0:T ) = p(xT )

QT
t=1 p�(xt�1|xt) (��. 6.4) �� ����������� ����� ������ ��� �������

����������� q(x0:T ) = q(x0)
QT

t=1 q(xt |xt�1).
�� q(xt�1|xt) ����� ���������µ�, �� �� ���������µ� ��� x0. ��µ�����µ�:

q(xt�1|xt, x0) = N(xt�1; µ̃t(xt, x0), �̃tI) (1.3)
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1.1.3 ������ �����������

������µ� �� �����������µ� ��� ������� ���� ������� 6.1, ��� �� ������µ� ��� �� x0

µ����� �� ��������� µ� ��� �������� µ����:

x0 =
1p
�̄t

(xt �
p

1 � �̄t�t) (1.4)

����µ������� ��� ������ ��� Bayes ��� ��� ��. 1.4, ���������� � µ��� ��µ� ��� �
�����µ����:

µ̃t =
1p
�t

 
xt �

1 � �tp
1 � �̄t

�t

!
(1.5)

�̃t =
1 � �̄t�1

1 � �̄t
�t (1.6)

1.1.3 ������ �����������

��� �� �����������µ� ��� ���������� ������� Markov ���� �� ��������� µ� �� �������
���������� ��� ������� �������� Markov, ������ �� ������µ����µ� ��� ����µ���� �, ����
���� � ����� ���������� ������µ�:

p�(x0:T ) = p(xT )
TY

t=1
p�(xt�1|xt) (1.7)

�� ����������� ����� ��� ����� ������µ� ��� ������� �����������:

q(x0:T ) = q(x0)
TY

t=1
q(xt |xt�1) (1.8)

�����µ������µ� �� µ������ µ�� ��� �� �����������µ� ��� ��µ� µ̃t =
1p
�t

✓
xt � 1��tp

1��̄t
�t

◆
.

����µ���� ��� ����µ� �������� ��� xt ���� �� �������� ��� �����������, ����������µ� ��
µ������ µ�� ��� �� ���������µ� ��� ��� ��� ����������� ������� ��� ��� ������ xt , ���
������� ��µ� t:

µ�(xt, t) =
1p
�t

 
xt �

1 � �tp
1 � �̄t

��(xt, t)
!

�� xt�1 �������:

xt�1 = N(xt�1;
1p
�t

 
xt �

1 � �tp
1 � �̄t

��(xt, t)
!

,⌃�(xt, t))

�� Ho et al. [12] ����µ���������� ��� ��� �������� (loss term) Lt ���� �� �������������-
��� � ������� ��� �� µ̃t :

Lt = Ex0,�

"
(1 � �t)2

2�t(1 � �̄t)k⌃�(xt, t)k22
k�t � ��(

p
�̄tx0 +

p
1 � �̄t�t , t)k2

#

������������� ��� � ��������� ��� ���� ����µ���� ��� ��� ����� ����������� �����
���������� ���� ����µ��� ��� ������ ��� �������� ��� ����µ����:

Lsimple
t = Et,x0,�t

h
k�t � ��(

p
�̄tx0 +

p
1 � �̄t�t , t)k2

i

���� �� t ����� �µ���µ���� ��� [1, T ].
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1.1.4 Denoising Di�usion Implicit Models

�����µ� ����������� ��� �� µ������ �������� �������� ����µ��� �����µ��������� µ��
������� Markov ��� ������ ��� ��� ����µ� ������� ������� ��� �� ��������������
�����������, ��µ���������� ��� ��� ����µ�. ���� � ������� Markov ��µ������� µ� ���
���� ���������� ���������� ��� ����������� ������� ��������, � ����� ����������� ���
��� ��� µ������ �������� ��µ���, ������� ��� ������� ������ �����������. ���� �����
��� ��������µ��, �� µ������ �������� ���� ���� ��� ����, �� �������� µ� ���� ��������
���������� µ������, ���� �� Generative Adversarial Networks (GANs).

Figure 1.1. �������� µ������� �������� (��������) ��� µ� µ���������� µ������� (�����)
[1].

�� Song et al. ��������� �� Denoising Di�usion Implicit Models (DDIMs) [1], �� �����
���� �� ����� implicit ���������� µ������ ��� µ�������� �� �������� ����µ��� ������
���������. ��������� ��� �������� ����µ��������� ������������� �� ������ DDPM �� µ�
µ���������� �����������.

Figure 1.2. �������µ��� �������� ����µ���� µ� ����� DDIM [1].

1.2 Score-Based ���������� �������

���� ���� ��µ������ µ���� ��� ����������� ��� µ������� �������� ����� �� Score-Based
���������� µ������ (SGM) [4]. ����µ���� ��� ������µ�� ����µ���� pdata(x), ������µ�
�� ��������� score �� ��� ����� ��� �������µ�� ��� ���������� ���������� ��������-
���, ������ ��� �� ��������� score (Stein). � ������ ���� ��� SGMs ����� � ����µ���
��� ���������� score, �����µ��������� ��� ���� ��������� ������, ��� � ��µ�������
����µ���� �����µ��������� ������������ ����µ��������� �����µ���� ��� ����.

�� score-based µ������ ����� �������� �������� ��������µ��� �� tasks ���� � �����-
��� ���������� ������� [4, 15, 14, 12], ��� ���� [8, 7].

1.2.1 ��������� score ��� score matching ��� ��� ����µ��� ���

�� ��������µ� ��� �� ������ ����µ���� µ�� ����������� ��� i.i.d. ����µ��� {xi 2 RD}Ni=1

��� µ�� ������µ� ����µ���� pdata(x), � ����� ����� �������. � ��������� score µ���
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1.2.1 ��������� score ��� score matching ��� ��� ����µ��� ���

���������� ����������� p(x) �������� �� rx log p(x). ����� ���������� ��� ������µ�����
�����, ��� ������� ���� ��� ���������� ���� � �������µ�� ��� ���������� ����������
����������� ��������� �������. �� ������ score s� : RD ! RD ����� ��� ��������� ������
µ� ����µ���� ��� �, �� ����� �� ����������� ��� �� ����������� �� score ��� pdata(x).

�� score matching �����µ��������� ������ ��� ��� ��µ����� µ� ������������µ����
����������� µ������� µ� ���� i.i.d. ����µ��� ��� µ�� ������µ� ����µ����. ������
�� ����������µ�������� ���� ���������� ���� ������� score s�(x) ��� ��� ����µ��� ���
rx log pdata(x) ����� �� ����µ���� ����� �� pdata(x). � ������ ����� � ��������������

1
2
Epdata (x)

h
ks�(x) � rx log pdata(x)k22

i
(1.9)

� ����� ����� �������µ� µ� ��� ��������:

Epdata (x)


tr(rxs�(x)) +

1
2
ks�(x)k22

�
(1.10)

���� rxs�(x) ��µ������� �� ��������� ��� s�(x).

��� � ���µ���µ��� ��µ� ��� �� pdata(x) µ����� �� ����µ���� ������� �����µ������-
��� ����µ��� ����µ����, �� score matching ��� ����� ��������µ� �� ����� ������ ��� ��-
��µ��� ������ ��������������� ���� ��� ������������� ������� ��� tr(rxs�(x)). ��� ��
������µ���µ� ���� �� ������µ�, �����������µ� ��� ��µ������� µ������� ��� score
matching µ������ ���µ����.

Denoising score matching �� denoising score matching [16] ����������� �� ��µ���
����µ���� x µ� µ�� ����������µ��� ������µ� ������� q�(x̃ |x) ��� �����µ������ score
matching ��� �� ����µ���� �� ���� ��� ����������µ���� ������µ�� ����µ����, q�(x̃) ,R

q�(x̃ |x)pdata(x)dx. � ������ ������������� �������µ�� µ�:

1
2
Eq� (x̃ |x)pdata (x)

h
ks�(x̃) � rx̃ log q�(x̃ |x)k22

i
(1.11)

�� �������� ������ score, s�⇤(x), ���������� s�⇤(x) = rx log q�(x) ������ �������, ���
s�⇤(x) = rx log q�(x) ⇡ rx log pdata(x) ������ µ��� ���� � ������� ����� ������ µ�����,
���� ���� q�(x) ⇡ pdata(x).

Sliced score matching �� sliced score matching [17] �����µ������ ������� ��������
��� �� ����������� �� tr(rxs�(x)) ��� score matching. � ������ �������:

EpvEpdata


vTrxs�(x)v +

1
2
ks�(x)k22

�
(1.12)

� ���� vTrxs�(x)v µ����� �� ����������� ��������� µ� forward mode auto-di�erentiation.
�� �������� µ� �� denoising score matching, �� ����� ����µ� �� ��������� score ���
����������µ���� ����µ����, �� sliced score matching ����µ� �� ��������� ���µ�������
��� ������� ������µ��. �� sliced score matching ������� ������� �������� ����� �����-
�������� ��������µ��� ��� �� denoising score matching.
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1.2.2 ����µ�������� µ� Langevin Dynamics

�� Langevin Dynamics ����� ����� �� �������� ����µ��� ��� µ�� ��������� ��������-
��� p(x), �����µ��������� µ��� �� ��������� score rx log p(x). ����� ����� � ����� ��� ���
����� � ����µ��� ��� ���������� score ����� ���� ��µ������ ��� score-based ����������
µ������. �� ��� ������ ��µ��� ����µ���� x̃0 ⇠ �(x) (� ����� µ�� �� ��� �������� ������µ�)
��� µ������ ��µ���� � > 0, �� Langevin Dynamics ����������� ������µ��� ��� ��������
��������:

x̃t = x̃t�1 +
�
2
rx log p(x̃t�1) +

p
�zt (1.13)

���� zt ⇠ N(0, I). ����� � ! 0 ��� T ! 1, � ������µ� ��� x̃T ������� µ� p(x). ���
����µ���� �������� ������������� [18], � x̃T ������� ������� ����µ� ��� ��� p(x). ����
�����, �����µ� �� � �� µ���� ����µ� ��� �� T �� µ����� ����µ�.

� ���������� ��� ����µ��������� ��� ��� ��. 1.13 ��������� ��� ��������� score
rx log p(x). ���µ����, ��� �� �����µ� ����µ��� ��� �� pdata(x), µ�����µ� ������ ��
�����������µ� �� ������ score µ�� ��� �� �����������µ� �� s�(x) ⇡ rx log pdata(x). ���
��������, µ�����µ� �� �����µ��������µ� ���� ��� ���������� �� �������µ� µ� �� Langevin
dynamics ��� ��� �������� ����µ����. ���� � ��µ������� ���� �������� �� ������ ����
��� score-based ����������� µ�������.

1.2.3 Noise Conditional Score Networks (NCSNs)

�� Song ��� Ermon [4] ����������� ��� � ������������ ��� ����µ���� µ� ����������
������ µ����� �� �������� ��µ������ �� score-based ���������� µ������.

������µ���� �� ��������µ� �� ����� ��� ���������� µ� ������, ����� �� ���������µ�
��� ������ ������µ� ��� ����µ���� µ��, �����µ������µ� µ�� ��������� ��� ���������� µ�
������, �� ������ ���������� ���� ����µ����� ������µ� ����µ����. ���� � µ������, �µ�-
����µ��� ��� ��� �����µ���µ��� �������� [19], ����������� ��� ��� �����µ���� ������µ��
��� µ����� �� ��������� �� Langevin Dynamics.

����� �1
�2
= · · · = �L�1

�L
> 1 µ�� ��������� L µ����µ���� �������� �������. ��������-

���µ� �� ����µ��� µ� ���������� ������ N(0, �iI), �����µ��������� ��� �� {�i}Li=1, µ�
��������µ� µ�� ��������� ��������µ���� ������µ�� q�i (x) =

R
pdata(t)N(x, t, �2

i I)dt.

������ �� ����µ����µ� �� score ���� ����������µ���� ������µ��. ���� µ����� ��
���������� ������������� ��� conditional score ������ ��� ���� ��� �����µ���� ������µ��:
8�i 2 {�i}Li=1 : s�(x, �i) ⇡ rx log q�i (x). �� s�(x, �) �������� Noise Conditional Score Network

(NCSN) [4].

1.2.4 ���������� NCSNs µ��� score matching

�� NCSNs µ������ �� ������������ µ� denoising score matching, ����� ��� µ� sliced
score matching. �� Song ��� Ermon [4] ��������� �� denoising score matching, ��-
��� ����� ��� µ��� ��������, ���� ��� ������ ��������� ��� �� ���� ��� ����µ���� ���
score ������µ�� ����µ���� ��� ����� ����������� ��� ������. ��������µ� ��� ������µ�
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������� �� �����:

q�(x̃ |x) = N(x̃ |x, �2I) =
1

�
p

2�
exp

"
1
2

✓ x̃ � x
�

◆2#
(1.14)

�����, �� score �� �����:

rx̃ log q�(x̃ |x) = rx

"
log

 
1

�
p

2�

!
+

1
2

✓ x̃ � x
�

◆2#
= � x̃ � x

�2 (1.15)

� ������ ��� denoising score matching ���� ������� 1.11 �������:

�(�, �) ,
1
2
Epdata (x)Ex̃⇠N(x,�2I)

"�����s�(x̃ , �) +
x̃ � x

�2

�����
2

2

#
(1.16)

������������ ��� ��. 1.16 ��� ��� �� � 2 {�i}Li=1, ��µ�����µ� ��� �������µ��� �����:

L(�, {�i}Li=1) ,
1
L

LX

i=1
�(�i)�(�, �i) (1.17)

���� �(�i) > 0 ����� ���� ����������� ����µ����, ��� ����� ���������� �� �(�i) = �2
i [4].

1.3 ����µ�������� ��� NCSN µ��� annealed Langevin Dynamics

����� ����������� �� NCSN µ�� s�(x, �), µ�����µ� �� �����µ��������µ� µ�� ���������-
µ��� ������ ��� Langevin Dynamics, ��� ���µ������ annealed Langevin Dynamics, ���
�� ����µ��������. � ���������� ������ µ� ��� ������������ ����µ���� ��� ������ ���-
���� �� ��� �������� ������µ�. ���� ��� ���� ���������, � µ������ µ������ �� �������
������� �i ��� �� µ������ ��µ���� ai . � ������ �������µ�� ����� o 7.1.

Figure 1.3. ������� ������� ����µ��������� ��� ���������� µ� Langevin dynamics [2].

��� ���µ� 1.3 �������������� ����� ������� ������� ����µ��������� ��� ����������
µ� Langevin dynamics, ��� ��� µ���µ� ����������� ��� �������� ��� �� ���� ��µ��� ��-
�����������. �� �������� ���������µµ� ������� ����� ��� ������� �� 3D, ��� �� �����
���������µµ� ��� ������� �� 2D, �� ����� µ� ��� ground truth ��������� score. ���� ��
����� ��µ��� ���������, �� ������� �������� ����µ��� ��� ����������� modes, ���� ����
����������� ���������� ������� ��� Langevin dynamics. �����������, � ���������� ��
����������� ����� ������µ�������� �� score ��� ���� mode.
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Figure 1.4. ������ ��� ���������� SDE [3].

1.4 ����������� ���������� ���������

��� �������µ��� ��������, ����������µ� �� µ������ �������� �������� ��� �� score-
based ���������� µ������. ��� �� ��� ���������� µ������� ���������� ��� �������� ��-
������� ��� ����µ���� µ� ������µ��� ������� ������� ��� ��� µ����� ��� �����������
����� ��� ����������� ��� �� ��µ������� ���� ����µ���� ��� ������ ������, �� �����
���������� ��� ������ ������µ� ��� ����µ����. �� Denoising Di�usion Probabilistic
Models [6, 12] ����� ���������� µ������, ��������µ��� �� ������������ ���� ��µ� ��� ��-
��������� ����������, ��� �� Score-Based ���������� µ������ [4] ����µ��� �� ���������
score ��� ������� ����µ����, ��� ����� ����������� �� �������� ���µ���� �������, ���
�����µ������� Annealed Langevin Dynamics ��� �� ��µ������� ���� ����µ���� ����µ����.
�� Song et al. [3] ��������� ��� ��� �� ��� ���������� µ������� µ������ �� ��������� ��
���������������� ����������� ���������� ���������, ���������� ���� µ�� ����������� ��-
���� ���� �������µ���� ������������.

�� ������� ��� ����������� ���������� ��������� ����������� ��� ���� ������ ��-
��µ� ������µ��, �� ������ �����µ���������� ��� �� ������� ��� ����µ���� �� ������
������. �����, � ���������� ������� �������� ������� ��� µ�� �����������µµ��� ���-
������� ��������� ������� (SDE), � ����� ����� ���������� ��� �� ����µ��� ��� ��� ���� ��-
��������µ�� ����µ������. ����µ���� ��� score ��� ���������� ����������� �� ���������
��� ������, ��� �����µ��������� ��� ������ SDE, µ�����µ� �� �����µ� ��� SDE ��������-
��� ������ [20]. � SDE ����������� ������ µ����� �� ������������ �����µ��������� ���
��������� ������ ��� ��������� ��� �� �����, ��� ��� ����µ��� ��� score. �����, µ�����µ�
�� ��µ���������µ� ��� ����µ��� ����µ����, �����µ��������� ����µ������� �������� SDE.
�� ����� ����� ������������ ��� ���µ� 1.4.

1.4.1 ������������ ����µ���� µ� ����� SDEs

�� �������µ���� µ������ ���������� ��� ������������ ��� ����µ���� µ� �������
������� �������. ����������µ� ���� ��� ���� ����µ��������� ���� ������ ����µ� ��������
�������, µ� ��������µ� �� ��µ�������µ� ������µ�� ����������µ���� ����µ���� ��� ��-
���������� ��µ���� µ� µ�� SDE, ����� � ������� ����������.

� ���������� ��������, ��� ����� �������µ� �� �������µ��� ��������, ����� � ����
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��� ��������� SDE:
dx = f (x, t)dt + g(t)dw (1.18)

���� w ����� � ������ ���������� Wiener, f (·, t) : RD ! RD ����� µ�� ������µ�����
��������� ��� ���µ������ drift coe�cient ��� x(t) ��� g(·) : R ! R ����� � di�usion
coe�cient ��� x(t). � ���� ��� SDE, ����� µ�� ���������� �������� {x(t)}, ���� t 2 [0, T ],
������ ���� x(0) ⇠ p0 (� ������µ� ��� ����µ����) ��� x(T ) ⇠ pT (� �������µ��� ������µ�).

���������µ� µ�� �������� µ����� ��� ��������� ��µ���� ��� ��������, ��� �����������
�� �������µ��� ��������, ��� ��� �������� �������� ��� ������������ ��� ��� SDE.
��������µ���, �� �������� ������� ��µ��� i = 1, 2, . . . , L ������������ �� ������� ��µ���
t 2 [0, T ]. ��������, �� �������� ������� ������� �1, �2, . . . , �L , �� ����� �����������
����������� ��� �������� ���������, ������������ ���� SDE ��� ������ ���������, �
����� ����� ������ ����������� �������µ���. �� ���� �����, � ������ �������µ�� ���
SDE ���������� �µ��� µ� �� ������� ������� ��� ��������µ� ��� �� ��������� ��� ��-
������ ���������. ����µ��� µ� �� ��� ��� �������� ���������, �� ������� ������� �����
�������������� ��� µ�������, ��� ������ ���������, � SDE ����� �������������� ��� µ��-
�����.

���� ���µ��� ����������, ���������µ� ��� ���������� ������� ��� �����µ����������
��� Score-Based Generative Models ��� ��� Denoising Di�usion Probabilistic Models, ��
����� µ������ �� ��������� �� ���������������� ��� SDEs Variance Exploding (VE) ���
Variance Preserving (VP), ����������.

1.5 Variance Exploding ��� Variance Preserving SDEs

�� ���������� ������� ��� �����µ���������� ��� Score-Based Generative Models
��� ��� Denoising Di�usion Probabilistic Models ����� ���������������� ��� ������������
����� SDEs [3].

���� ��������� ��� Score-Based Generative Models, ���� ������� ���������� p�i (x |x0)
����������� ���� ������µ� ��� xi , ���� �������� ������� Markov:

xi = xi�1 +
q

�2
i � �2

i�1zi�1, i = 1, . . . , N (1.19)

���� zi�1 ⇠ N(0, I). ������µ� ������� ���µ���� ������� (N ! 1). ���� ��������� ����,
� {�i}Ni=1 ������� ��������� �(t), � ������µ� ������� zi ������� z(t) ��� � ������� Markov
{xi}Ni=1 ������� ������� ���������� ����������. �����µ������µ� ��� ��µ�����µ� {x(t)}1t=0,
���� t ����� µ�� ������� ������� µ�������� t 2 [0, 1]. � ���������� SDE, ��� ������ �
���� ����� {x(t)}1t=0, �����:

dx =

r
d

⇥
�2(t)

⇤

dt
dw (1.20)

��� Denoising Di�usion Probabilistic Models, µ� ������� ���������� {pai (x |x0)}Ni=1, �
�������� ������� Markov �����:

xi =
p

1 � �ixi�1 +
p

�izi�1, i = 1, . . . , N (1.21)
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����� N ! 1, � ��. 1.21 ��������� ���� �������� SDE:

dx = �1
2

�(t)xdt +
p

�(t)dw (1.22)

�� ���������� ������� ��� �����µ���������� ��� Score-Based Generative Models �����
µ�� �������������� ��� ��. 1.20 ��� �� ���������� ������� ��� �����µ���������� ���
Denoising Di�usion Probabilistic Models ����� µ�� �������������� ��� ��. 1.22.

����µ���� ��� � ���� ��� ��. 1.20 ����� ����� µ�� ���������� ��������µ���� �����-
µ�����, ����� t ! 1, � ������� ����� ������ �� Variance Exploding (VE) SDE. �µ����,
� ���� ��� �������� 1.22 ����� ����� µ�� ���������� �������� �����µ����� ��� µ������,
������ � ������ ������µ� ���� µ�������� �����µ���� [3]. �������, � ��. 1.22 �����
������ �� Variance Preserving (VP) SDE.

1.5.1 ���������� ��� SDE ��� ��� �������� ����µ����

�������µ� ��� ���� �������� ���������, µ�����µ� �� �����������µ� �� ����������
������� �������� ��� �� �������µ� ��� ����µ���, ���������� ��� �������µ���� ������µ��
������� �������. �µ����, ��� ������ ���������, ���������� µ� ��� ����µ� x(T ) ⇠ pT ���
�������������� �� ���������� ��� SDE, µ�����µ� �� �������µ� ��� ����µ��� x(0) ⇠ p0.
� Anderson [20] �������� ��� � ���������� µ��� ����������� �������� ������ �� µ�� ����
���������� ��������, � ����� ������ ���� �� ���� ��� ����� ��� ������� ��� ��� ����������
SDE:

dx =
h
f (x, t) � g(t)2rx log pt(x)

i
dt + g(t)dw̄ (1.23)

����µ���� ��� ���� � SDE ������ ���� �� ���� ��� �����, �� dt �������������� ���
�������������� �������� ������� ��µ� ��� �� w̄ ����� � ������ ���������� Wiener, ��-
��� � ������ ���� ��� �� T ��� 0. ��� �� �����µ� ����µ� ��� �� p0, ������ �� �����µ���-
���µ� ��� ���������� SDE, � ����� ������� ��� ����µ��� ��� ���������� score rx log pt(x).
��µ������ ��� � ��������� score ���������� µ� ���� ��� µ�������� �� score-based µ������.

���� ����������� ��� score-based µ������ ��� ��� ����µ��� ��� ���������� score,
µ�����µ� �� �� �����µ��������µ� ��� ��� �����µ����� ��� ����������� SDE ��� ���
������� ���, ��� �� ��µ���������µ� ����µ��� ��� ���������� µ� ��� ������ ������µ�
����µ����, ������ p0. ��������µ� ��� ������������ ���� ������� ��� SDE, ����µ�������
�������� SDE ������� ������ ��� ����µ��������� Predictor-Corrector (PC).

����µ������ �������� SDE ������� ������ � ���������� SDE µ����� �� ��������
µ� �� ����� ����µ������ �������� SDE, �� ������ ����� ������ �� ������������ �������
��� SDEs. ������������ �������� SDE µ����� �� �����µ�������� ��� ��� ��������
����µ����. �� ��� ��µ������� ������µ������ ��� µ������� Euler-Maruyama ��� ��� ���-
�������� µ������� Runge-Kutta.

����µ��������� ���������-��������� ������µ� �� �����������µ� �� score-based
µ������ ��� �� ���������µ� ��� ������ ��� ����������� SDE. �� ����µ��������� Predictor-
Corrector ������������ ��� ��� ����� ��������. �� ����� ����� ���� ���������� (Predictor),
� ������ ����� µ�� ����µ��� ��� �� ����µ�, ��� �� ������� ����� ���� ��������� (Corrector),
� ������ ��������� ��� ������µ� ��� ��������µ���� ����µ����. ����� �� ����µ���������
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1.5.1 ���������� ��� SDE ��� ��� �������� ����µ����

����� �������������, ���������� ���� µ�� �������� ��� ��� µ�� ��������, �� ���� �������
��µ�. � ���������� ����� ���� ����µ������ �������� SDE, ��� � ��������� ����� µ�� score-
based ���������� MCMC, ���� � Langevin MCMC.
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Chapter 2

���������� ��� Discriminator

�� µ�� ���������� ��� ����� �µ�����µ��� ��� �� Generative Adversarial Networks,
�� Kim et al. [5] ����������� �� ���������� ����µ��������� �������� �����µ���������
��� ������ ���������� (discriminator) ��� �� ���������� �� ���µ� µ����� ��� score ���
µ������� ��� ��� ����µ������ score ��� ����µ����. ��� µ����� ����, ���������� ��-
�������� (Discriminator Guidance), ��������� �� ���-��������µ��� µ������ score �� ���-
���� �������� ��� �������� ��� ������ discriminator ��� ��� ������µ��� ����µ������ ���
������µ���� ����µ����, �� �������� ���µ���� �������. � µ������ ����µ������ ���� ���
��������� ��� µ������ score, ���������µ��� ��� ��� �������������� ��� discrimina-
tor, � ������ ��µ������ ���� ���������� ��� ��������� ����µ���� ���� ��� �����������
������µ��.

2.1 �������� ��� score ��� µ�������

���� ��� ���������� ��� score, �������µ� ����µ��� �����µ��������� ��� ����������
���������� ��� ������������ ��� ��� ���������� SDE:

dx =
h
f (x, t) � g(t)2s�1(x, t)

i
dt + g(t)dw̄ (2.1)

���� s�1 ��µ������� �� ���-��������µ��� ������ score. ��� �� ������ �������� �1 ���������
��� �� ����� �������� �⇤, � ���������� ���������� µ����� �� �������� ��� ��� ����µ�����
���������� ����������� ������. �� �����µ� 9.1 ����������� ��� � ���������� ����������
��� ��. 2.1 µ����� �� �������µµ����� µ� ��� ����µ����� ���������� ��� ��. 1.23 ������-
µ������� �� score ��� µ�������. � ������� µ����� ��� ��� ����������� ����������� ���
��� ���������� ���, � ������ ����� µ� µ�������� ����� �1 , �⇤.

2.2 ���������� ��� Discriminator

� ����������� ���� c�1(x, t) = r log pt
r (x)

pt
�1 (x) ����� ������ �������������� ���� ��� �����-

��������� ����� ���������� pt
r

pt
�1

. ��� �� �� ����µ��������� ����, �� Kim et al. [5] ������-
������ ��� ���� ���������� ������������� ���� discriminator �� ���� ������� ������� t.
��� ��� ���������� ��� discriminator, ��µ����������� ������� ����µ��� ��� �� ����������
��� ������������ ���� ��. 2.1, ��� �� ����µ� µ� �� ����µ����� ����µ��� ����µ����. ��
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Chapter 2. ���������� ��� Discriminator

����µ����� ��� �� ������� ����µ��� ������µ������ ��� �������� µ� �� ����� ��� ��������
������������ ��������� (BCE):

L� =

Z
�(t)

�
Ept

r (x)[� log d�(x, t)]

+ Ept
�1 (x)[� log (1 � d�(x, t))]

�
dt,

(2.2)

���� � �������������� �� ������� �����.
������µ���� �� ���� �� �������� ���������� �⇤ ��� ��������� ��� ��L�, � �����������

���� �����:

c�1(x, t) = r log
d�⇤(x, t)

1 � d�⇤(x, t)
.

��� ��� ����µ��� ��� ����������� ���� c�1 , �����µ������µ� ���� ��������� discriminator
�:

c�1(x, t) ⇡ c�(x, t) = r log
d�(x, t)

1 � d�(x, t)
.

�� ���� ��� �������� ����µ��� ��� ���� ���������, � ���������� µ� discriminator (DG)
�������� �� ����:

dx =
⇥
f (x, t) � g2(t)(s�1 + c�)(x, t)

⇤
dt + g(t)dw̄. (2.3)
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Chapter 3

Exposure Bias

� ������������ ������� ����µ��������� ��� µ������� �������� ����� ���������� ��
�������� ��µ��� ���� ��� ����������� ��������� ��� ����������� ��������, � �����
������ ��� µ���� µ����� ��µ���� [6]. ������, ���� ������ ��� �����µ��� ��� µ���������
������� (exposure bias), ���� �������������� ��� ���� Ning et al. [21]. �� exposure
bias ��������� ��� �� ������� µ����� ��� ����µ���� ������� ���� ��� ���������� (xt )
��� ��� ����µ�������� (x̂t). ���� � ������� ������ �� ������������ ���������� �������,
��(xt) ��� ��(x̂t), ��������� �� ���������� ����µ���� ������ �� �������� ����µ���������
(sampling drift) [22]. �� Ning et al. [23] ���������� ��� ���µ����� ������� (Epsilon Scal-

ing), µ�� µ����� ��� ����µ�������� ��������� ��� ���������� ����µ���������, ����� ��
���������� �������������� ��� µ�������.

3.1 ����µ� ��������� ��� exposure bias

�� Ning et al. [21] ���������� �� ���������� ����µ���� µ����� ��� ��µ���� infer-
ence ���� ��� ���µ������ µ����� ��� ������� ����������� ��� ����µ���������. ���� ��
�������� ��� �����������, �� µ������ µ������� µ� �� ground truth ������ (xt, xt�1), ����
���� �� �������� ��� ����µ���������, ��������� ��� ������µ��� x̂t , ����������� ������
���������� ����µ����. ���� � ���µ����� ������ ��� exposure bias ��� ������������ ��
���� ���������� µ������ [24, 25]. � ������µ� ����������� ����� q(xt |x0), ��� � ������µ�
����µ��������� ����� q(x̂t |xt+1, xt+1

� ). ���� ������ ��� ������µ� ��� exposure bias, �����
�� ��(xt) ��� �� ��(x̂t) ���������.

�� Xiao et al. [26] ����µ���������� �� p�(xt�1|xt) = q(xt�1|xt, xt
�), ���� xt

� ����� ��
��������µ��� x0. ������, �� ����µ��� ��������� ���� ��� ����µ��� ��� x0 �������
�� q(xt�1|xt, x0) , q(xt�1|xt, xt

�), ����������� �� exposure bias. �� Ning et al. [23]
�������������� ��������� ���� ��� ���µ����� ��� DDPMs, �������������� ��� � ��-
���µ���� ��� ������µ�� ����µ��������� ���������� �� �����µ���� ��� ������µ�� ��-
���������, ��������� �� ���������� ����µ����.

3.2 Related Work

��� ��� ����µ������� ��� µ��������� �������, �� Ning et al. [21] ���������� �� ���� µ��-
���������� ��� ����µ���� ��������� ���� �� �������� ��� �����������, �����µ���������
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��� ���µ����� ���������� µ�� ��� �������� ������ ��� xt . �� Li et al. [22] µ�����������
�� ������� ��µ� ����µ��������� t µ� ���� �� �����µ���� ��� ������µ���� ����µ����,
µ����������� ��������µ����� �� exposure bias ����� ��������������. ������, � ����-
������µ�� ��� µ���������� ��� �������� ��µ���� ����� ��������.

3.3 Epsilon Scaling

�� Ning et al. [23] �������� �� Epsilon Scaling, µ��������� �� µ�������� ������� µ�
��� ���µ����� ��� ��������µ���� ��������� ������� �s

� ���� �� �������� ��� ����µ����-
�����. �� �� µ����� ��� ��������µ�µ���� µ������� ��� �s

�, � µ�������� ������� µ�������-
��� ����� ��������������. � µ������ ���� ��������� ���� ���������� ��� ���� �� �s

� ���
��� �� �t

� ����������� ��� ��� ���� ������, xT ⇠ N(0, I), ���� ���������� ���� ����µ����
���� ������� ����µ���������. � µ������ ��� ��������� ������������ ���������� ��� �����
µ�� plug-in ����.
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Chapter 4

������� ��� ��������µ���

4.1 ���������������� �� Exposure Bias

���� ��� ����������, �� ������ ��µ����� ������ xt , ��� ���� �� ����µ��������, ��µ-
����� ������ x̂t (������� 10.1). ���� � ���µ����� ���� �� ��������µ� ��� �������� µ�����
��� ���������� ������� ���� �� �������� ��� �����������, �t

�, ��� ���� �� �������� ���
����µ���������, �s

�. ������������ ���� Ning et al. [23], µ����µ� �� sampling drift �� ��
������� µ����� �t

� ��� �s
�. ����µ���� ��� �� ground truth ��� �s

� ����� µ� ��������µ� ����
�� ����µ��������, �����µ������µ� ��� L2-���µ� ��� �� ���������������µ� �� exposure
bias [23].

Figure 4.1. ������� EDM, �������� Euler 1�� �����. L2-���µ� ��� ��(·) ���� �� ��������
����µ��������� 21 ��µ����, ����µ��������� µ� DG ��� �����������. � L2-���µ� ���������-
��� �����µ��������� 50k ����µ��� �� ���� ������� ��µ�. � ����µ�������� ������� ��� ��
����� ���� �� ��������.

��� ���µ��� 4.1 ��� 4.2, �����������µ� ��� L2-���µ� ��� �t
�, �s

� ��� �s,DG
� �����µ������-

��� ���� �������� ODE Euler ��� Heun. �s,DG
� ����� � �������� ������� ��� µ������ EDM-
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G++. ��� ��� ������� Euler, �� �s,DG
� ���� µ��������� L2-���µ� ��� �� �t

�, ��� ������
��������� µ� �� �s

�. �� ��� ������� Heun, � ������� ����� µ��������, ���� �� �s,DG
� ����

��� ���� µ��������� L2-���µ�, �������������� ��� � ���������� ��� discriminator ���
��������� �� exposure bias- �� ����µ��� ��������� �������������.

Figure 4.2. ������� EDM, �������� Heun 2�� �����. L2-���µ� ��� ��(·) ���� �� ��������
����µ��������� 35 ��µ����, ����µ��������� µ� DG ��� �����������. � L2-���µ� ���������-
��� �����µ��������� 50k ����µ��� �� ���� ������� ��µ�. � ����µ�������� ������� ��� ��
����� ���� �� ��������.

4.2 ��������µ��� Framework

�����µ������µ� �� µ������ EDM ��� Karras et al. �� ����µ��� score ���� ��� ���-
��µ����� �������µ�� ���, ��� ����������� ��µ������ �������� ��� ��������� ����µ����
(FID score 1.97 ��� CIFAR-10). ����µ���� ��� ���������� ��� exposure bias µ� �� FID
score [23], ��������µ� ��� �� EDM ���� µ���µ��� exposure bias.

��� ��� discriminator, ������������ ���� Kim et al. [5], �����µ������µ� ��� ���������-
���� U-Net, µ� ��� ����� ����µ��� ��� ��� ������� fine-tuned.

���� ������� 10.2, ������µ� µ������� ��� �� µ����� ��� µ��������� �������. �����-
���µ� �� Epsilon Scaling [23], µ�� plug-in µ�����, ����� ����������, ��� ���� ����������
��������µ����� ��� µ����� ��� Exposure Bias ��� ��� �������� ��� ��������µ���� (FID
score). �����������µ� �� Epsilon Scaling ���� ������� 10.3.

�� ��� �� EDM ������ �� ��������� score s� ��� ��� �� �, �� � µ����� �� ������� �� ����
��µ� ����µ��������� ��� �� �����µ�������� ��� �� Epsilon Scaling [23].

��� �� ������µµ� scaling �t , �� Ning et al. [23] ���������� µ�� ���µµ��� ���������
�t = kt + b µ� �������� k ��� b. ���������� ��� �µ���µ���� ������µµ� �t (k = 0)
��� ������ �������������. �� �����µ��� µ�� ������������� ����µ��� � ���-��������
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��������µ��� µ� ���µµ��� �t �� �������� µ� �� �µ���µ���� ������µµ� �t = b. �����
�������µ� �� ��������� ���������� ��� �������� ��������� ���µ������.

4.3 ��������µ���

4.3.1 Euler Solver

�� ���� ��� �������, �����������µ� ��������µ��� µ� �� ����� ��� ������� ODE 1��
����� Euler. ��� �� µ����� Discriminator Guidance (Kim et al. [5]), ��µ�������� µ��
������������� ��������� ���� ������� ��� ��������� ��� µ������� EDM-G++ µ� �����
��� ������� ODE Euler. �� ���µ������� FID ��� EDM-G++ ��� ������ ����µ���� CIFAR-
10 ������������� µ� ����������� ������� ��µ��� ��� ����� Discriminator Guidance (wDG)
��� �������������� ��� ���µ� 4.3.

Figure 4.3. ������ FID-50k �� ����� µ� ����� DG ��� ��������� ���µ������ (Euler
Solver).

� �������� ��� EDM-G++ µ�������� µ� ��� ������ ��� wDG µ� ��� Euler solver. ��
µ���µ��� FID score ���������� ���� ������� ����������� ��µ���� ���� ������� 1�� �����,
�������������� �� ��µ���� ��� ����������� ��µ���� ��� ��� �������� ����µ���� (��. 4.3).

� µ������ epsilon scaling ������������� ��������µ����� ��� �� µ������ �������� ���
������������� ��� discriminator. �� SEDM-G++ µ������ ��� ���µ������� FID �� �������
����� �������� ��µ���� ��� ��µ�� wDG �����µ��������� ��� ������� Euler. �� ������
����µ��� ������������ ��������� ���������� ���� ��������� ��� ��� ����µ� ��� ���µ����
(���. 4.4).
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Figure 4.4. ������ ����µ��� ��� �� EDM-G++ (��������) ��� �� SEDM-G++ (�����).

4.3.2 Heun Solver

����������� � ������� ��� SEDM-G++ µ� �� ����� ��� ������� ODE 2�� ����� Heun.
���������� µ����� ��� �� ����� ��� discriminator (wDG

t,1st ) ��� ��� ��������� ���µ������
������ (�t = b), �� ���� �� FID-10k (���µ� 4.5). ��������������� �� ��������� ��µ�� wDG

t,1st

��� ��������� ��������µ��� µ����� ���� �� ����, �� ���� �� FID-50k (��. 4.6).

Model NFE(#) FID(#)
VDM (Kingma et al., 2021 [27]) 1000 7.41

DDPM (Ho et al., 2020 [12]) 1000 3.17
iDDPM (Nichol & Dhariwal, 2021 [28]) 1000 2.90
Soft Truncation (Kim et al., 2022 [29]) 2000 2.47

INDM (Kim et al., 2022 [30]) 2000 2.28
CLD-SGM (Dockhorn et al., 2022 [31]) 312 2.25

NCSN++ (Song et al., 2020 [3]) 2000 2.20
LSGM (Vahdat et al., 2021 [32]) 138 2.10
EDM (Karras et al., 2022 [14]) 35 1.97
EDM-G++ (Kim et al., 2023 [5]) 35 1.77

SEDM-G++ (ours) 35 1.73

Table 4.1. �������� FID-50k ���� ������� ������� ��� unconditional CIFAR-10.

�� SEDM-G++ ������� �� ��������� µ������, �������������� state-of-the-art FID
score 1.73, µ� ��� ��������� ��������µ������, ���� ������� ������� ��� �� unconditional
CIFAR-10. � �������� ��� ��������� ���� ������ 4.1 ������� ��� ������� ��� SEDM-
G++. ��������µ� ��� �� ������ FID µ��� ��� Epsilon Scaling ���� ������� Euler ����� ���
������ �� �������� µ� ��� ������� Heun, ������� ��� ���������� �� µ�������� ����������
����µ����, �� �������� ODE ���������� �����. �� ��������µ��� ������������ ��� ����-
��� ��� Heun ������� ��� µ������ ��������, � ����� ���������� ��� ��µ������� ����µ�
��������� ��� ��� ��µ��� ��������� ��� µ��������� �� exposure bias [23].
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4.3.2 Heun Solver

Figure 4.5. ������ FID-10k ��� �� ����� ��� DG ��� ��� ��������� ���µ������ (Heun
Solver).

Figure 4.6. ������ FID-50k ��� �� ���� ��� DG µ� ��� ��������� ��������� (Heun Solver).
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Chapter 5

Introduction

Di�usion models, initially proposed by Sohl-Dickstein et al. in 2015 [6], have excelled
in various domains, including image generation, audio generation [7, 8], and video gener-
ation [9, 10, 11]. In the domain of image synthesis, di�usion models have seen significant
advancements in subsequent years through the work of Song and Ermon (2019) [4], Ho
et al. (2020) [12], and Nichol and Dhariwal (2021) [13]. In 2021, Song et al. presented
a novel approach that unifies score-based models and Denoising Di�usion Probabilis-
tic Models (DDPMs) by employing stochastic di�erential equations (SDEs) [3]. Moreover,
Karras et al. (2022) presented a comprehensive exploration of the di�usion model design
space and introduced the EDM model [14], which implemented a range of optimizations
to both the sampling and training processes, leading to a substantial enhancement in
performance and sample quality.

Figure 5.1. Overview of our proposed SEDM-G++.

Di�usion models [6] have demonstrated exceptional performance across diverse do-
mains such as image, audio, and video generation [7, 8, 9, 10, 11]. In the realm of image
synthesis, substantial progress has been made in recent years through various contribu-
tions [1, 3, 4, 12, 13, 14, 33, 34, 35, 36]. Di�usion models find a wide range of applica-
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Chapter 5. Introduction

tions, including text to image generation [37, 38, 39], image inpainting [33, 40, 41, 42],
image editing [41, 43, 44, 45, 46, 47, 48], super-resolution [41, 49], point cloud generation
[50], 3D shape generation [51] and vision decoding [52].

The computational cost associated with training new score models from the ground
up has initiated research endeavors which employ pre-existing score models and enhance
the quality of generated samples via refinements in the sampling procedure.

In an e�ort loosely inspired by Generative Adversarial Networks (GANs), Kim et al.

[5] modify the di�usion sampling process by utilizing a discriminator network to bridge
the gap between the model score and the true data score. In their method, Discriminator

Guidance (DG), they maintain the pre-trained score model as a fixed component and
introduce a discriminator network to classify real and generated data across di�erent
noise scales. The method incorporates a correction term into the model score, guided
by the discriminator’s feedback, which helps steer the sample generation towards more
realistic paths.

The iterative sampling chain in di�usion models is long, usually requiring thousands
of steps due to the Gaussian assumption of reverse di�usion, which only holds for small
step sizes [6]. This leads to the exposure bias problem, illustrated by Ning et al. [21].
Exposure bias refers to the discrepancy between the input data during training and in-
ference phases. During training, the model is consistently exposed to the ground truth
training sample xt . However, during inference, the model relies on the previously gener-
ated sample, x̂t . This distinction between xt and x̂t results in a di�erence between ��(xt)
and ��(x̂t), where �� is the model’s noise prediction. This disparity between the two pre-
dictions results in error accumulation and deviations in the sampling process, known as
"sampling drift" [22]. Ning et al. [23] propose an e�ective method, Epsilon Scaling, for
alleviating exposure bias, which is incorporated directly into the sampling process and
requires no training or fine-tuning of the model.

The preceding research prompts us to inquire whether Discriminator Guidance is
e�ective in mitigating the accumulation of exposure bias in the sampling process. Our
findings indicate that, despite notable enhancements in sample quality, Discriminator
Guidance is ine�ective in alleviating exposure bias in Di�usion Models. We propose
SEDM-G++, which incorporates a modified sampling approach, combining Discriminator
Guidance and Epsilon Scaling. We test our method on top of the pre-trained EDM model
[14] and show that the proposed sampling process achieves improved sample quality,
while reducing exposure bias.

Our contributions can be summarized as follows.

• We investigate exposure bias in discriminator guided di�usion models.

• We propose SEDM-G++, which incorporates a sampling approach combining Dis-
criminator Guidance and Epsilon Scaling.

• Our proposed method improves sample quality across the board and outperforms
the current state-of-the-art, by achieving an FID score of 1.73 on the unconditional
CIFAR-10 dataset.
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Chapter 6

Di�usion Models

Di�usion models were first introduced by Sohl-Dickstein et al. in 2015 [6]. Inspired
by non-equilibrium thermodynamics, di�usion models gradually perturb data with noise,
in an iterative forward di�usion process. The aim is to learn a reverse di�usion process,
which removes the addition of noise. Thus, the model becomes capable of generating
realistic samples from noise.

6.1 Inspiration behind di�usion models

The theoretical underpinning of di�usion models resides in the notion that di�usion
processes can be strategically harnessed to disassemble the structural components inher-
ent in our data distribution. To elucidate this theoretical framework in a more concrete
manner, one may picture a hypothetical scenario involving a container filled with water
into which a small quantity of coloured dye is introduced. If we assume that the concen-
tration of dye molecules can be regarded as a representation of a probability distribution,
the central aim of a generative model is to acquire an in-depth comprehension of this
probabilistic structure. It is imperative to acknowledge that this endeavour is typically
quite challenging.

Nevertheless, even in situations where we cannot directly construct a model to elu-
cidate the intrinsic structure of our data distribution, there exists a viable alternative
strategy. This involves the transformation of our data distribution into a substantially
simplified distribution that can be readily modelled.

In the context of this physical analogy, if one permits the di�usion process to evolve
over a su�ciently protracted period, the dye molecules will eventually disperse uniformly
throughout the container, thereby yielding a state of equilibrium characterized by a uni-
form distribution. Initially, the usefulness of this transformation may not be readily
apparent. However, it is instructive to contemplate the hypothetical scenario of tem-
porally reversing this di�usion process. What if one could initiate this process with a
uniform distribution and thereby generate the original data distribution? Within the
framework of conventional physics, the spontaneous reversal of such di�usion processes
is exceedingly improbable—liquids do not spontaneously separate any more than shat-
tered glass spontaneously reconstitutes its original structure. It is at this juncture that
the paradigm of machine learning enters the discourse, o�ering a potential way to address
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these challenges.

6.2 Forward di�usion process

Let’s consider the data distribution x0 ⇠ q(x0). In the forward di�usion process, noise
is gradually added to a clean datum, until its structure is destroyed and the datum
is transformed into pure noise. In other words, the forward process is characterised
by a Markov chain, which generates a sequence of random variables x1, x2, . . . xT with
transition kernel q(xt |xt�1). We define a variance schedule {�t 2 (0, 1)}Tt=0, such that
the noise perturbing the data at each discrete timestep t is an isotropic Gaussian with
variance �t . The Markov chain is defined by the transition kernel:

q(xt |xt�1) = N(xt ;
p

1 � �txt�1, �tI) (6.1)

The joint distribution of x1, x2, . . . xT conditioned on x0 is:

q(x1:T |x0) =
TY

t=1
q(xt |xt�1) (6.2)

The transition kernel is often handcrafted to transform the initial data distribution
into a tractable prior distribution. Thus, the forward di�usion process can be easily
implemented. The di�usion model aims to learn the distribution of the reverse process
q(xt�1|xt), which is unknown.

Figure 6.1. Forward and Reverse Di�usion Processes [2].

Lemma 6.1 (Reparameterisation Trick). Let x be a random variable drawn from a normal

distribution with arbitrary mean µ and variance �2, i.e. x ⇠ q(x |µ) = N(x; µ, �2). Then, x

can be equivalently expressed in the form:

x = µ + � � �

where � ⇠ N(0, I) and � denotes element-wise multiplication.

Proposition 6.1. Let xt be drawn from q(xt |xt�1) at timestep t. Then xt can be directly

expressed as a linear combination of x0 and a noise variable �:

xt =
p

�̄tx0 +
p

1 � �̄t�
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6.2 Forward di�usion process

where �̄t =
Qt

i=1(1 � �i).

Proof. Let t 2 [0, 1, 2, . . . , T ]. Then, by Eq. (6.1): xt ⇠ q(xt |xt�1) = N(xt ;
p

1 � �txt�1, �tI).
Now, let �t = 1 � �t and āt =

Qt
i=1 �i .

According to Lemma 6.1, xt = N(xt ;
p

1 � �txt�1, �tI) = N(xt ;
p

�txt�1, (1 � �t)I) can be
expressed as follows:

xt =
p

�txt�1 +
p

1 � �t�t�1 with �t�1 ⇠ N(0, I)

and similarly, xt�1 ⇠ q(xt�1|xt�2) can be rewritten as:

xt�1 =
p

�t�1xt�2 +
p

1 � �t�1�t�2 with �t�2 ⇠ N(0, I)

As a result, xt becomes:

xt =
p

�txt�1 +
p

1 � �t�t�1

=
p

�t

hp
�t�1xt�2 +

p
1 � �t�1�t�2

i
+
p

1 � �t�t�1

=
p

�t�t�1xt�2 +
p

�t � �t�t�1�t�2 +
p

1 � �t�t�1|                                     {z                                     }

The underbraced quantity is the sum of two independent Gaussian random variables,
N(0, �2

1 I) and N(0, �2
2 I). It remains a Gaussian with mean being the sum of the two

means, and variance being the sum of the two variances, i.e. N(0, (�2
1 +�2

2 )I).
p

1 � �t�t�1

is a sample from GaussianN(0, (1��t)I), and
p

�t � �t�t�1�t�2 is a sample from Gaussian
N(0, (�t��t�t�1)I). As a result, we can treat their sum as a random variable sampled from
Gaussian N(0, (1 � �t + �t � �t�t�1)I) = N(0, (1 � �t�t�1)I). Therefore, the last expression
can be rewritten, using the reparameterisation trick as:

xt =
p

�t�t�1xt�2 +
p

1 � �t�t�1�̄t�2 where �̄t�2 ⇠ N(0, I)

By repeating the above process, xt takes this final form:

xt =
p

�̄tx0 +
p

1 � �̄t� where � ⇠ N(0, I)

⇠ N(xt ;
p

�̄tx0, (1 � �̄t)I)

⇤

According to proposition 6.1, the distributions N(xt ;
p

�txt�1, (1 � �t)I) and
N(xt ;

p
�̄tx0, (1 � �̄t)I) are equivalent. This is significant, as it enables sampling from

any intermediate distribution of the forward di�usion process in a single step.
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6.3 Reverse di�usion process

The reverse di�usion process can be utilised for the generation of new data samples.
Di�usion models start by generating an initial Gaussian sample xT ⇠ N(0, I). Noise is
then gradually removed by running a learnable Markov chain in the reverse time direction.
Sohl-Dickstein et al. show that if �t is small enough, then q(xt�1|xt) will also be a Gaussian
distribution [6]. To perform reverse di�usion, one would have to model the kernels of the
reverse timesteps. Estimating q(xt�1|xt) is unfeasible, as it requires using the entire
training dataset. A learnable transition kernel p� is utilised instead, to approximate the
conditional probabilities. The kernel takes the following form:

p�(xt�1|xt) = N(xt�1; µ�(xt, t),⌃�(xt, t)) (6.3)

� denotes model parameters and the mean µ�(xt, t) and variance ⌃�(xt, t) are parame-
terised by neural networks.

The joint distribution of the reverse Markov chain is:

p�(x0:T ) = p(xT )
TY

t=1
p�(xt�1|xt) (6.4)

The key to making this sampling process work e�ectively is to train the reverse Markov
chain so that it mimics the time reversal of the forward Markov chain. In other words, the
� parameter must be adjusted to make sure that the reverse Markov chain’s behaviour
closely resembles that of the forward process. This adjustment should be such that the
joint distribution of the reverse Markov chain p�(x0:T ) = p(xT )

QT
t=1 p�(xt�1|xt) (Eq. 6.4)

closely approximates that of the forward process q(x0:T ) = q(x0)
QT

t=1 q(xt |xt�1).

Thus far, q(xt�1|xt) is not tractable, unless we condition it on x0. We get:

q(xt�1|xt, x0) = N(xt�1; µ̃t(xt, x0), �̃tI) (6.5)

By applying Bayes’ rule, q(xt�1|xt, x0) becomes:

q(xt�1|xt, x0) =
q(xt |xt�1, x0)q(xt�1|x0)

q(xt |x0)

=
N(xt ;

p
�txt�1, (1 � �t)I)N(xt�1;

p
�̄t�1x0, (1 � �̄t�1)I)

N(xt ;
p

�̄tx0, (1 � �̄t)I)

/ exp
(
�1

2

"
(xt �

p
�txt�1)2

1 � �t
+

(xt�1 �
p

�̄t�1x0)2

1 � �̄t�1
� (xt �

p
�̄tx0)2

1 � �̄t

#)

= exp
8><
>:�

1
2

2
66664
(�2
p

�txtxt�1 + �tx2
t�1)

1 � �t
+

(x2
t�1 � 2

p
�̄t�1xt�1x0)

1 � �̄t�1
+ C(xt, x0)

3
77775
9>=
>;

/ exp
(
�1

2

"
�2
p

atxtxt�1

1 � �t
+

�tx2
t�1

1 � �t
+

x2
t�1

1 � �̄t�1
� 2
p

�̄t�1xt�1x0

1 � �̄t�1

#)

= exp
(
�1

2

"
(

�t

1 � �t
+

1
1 � �̄t�1

)x2
t�1 � 2

 p
�txt

1 � �t
+

p
�̄t�1x0

1 � �̄t�1

!
xt�1

#)
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= exp
(
�1

2

"
�t(1 � �̄t�1) + 1 � �t

(1 � �t)(1 � �̄t�1)
x2

t�1 � 2
 p

�txt

1 � �t
+

p
�̄t�1x0

1 � �̄t�1

!
xt�1

#)

= exp
(
�1

2

"
�t � �̄t + 1 � �t

(1 � �t)(1 � �̄t�1)
x2

t�1 � 2
 p

�txt

1 � �t
+

p
�̄t�1x0

1 � �̄t�1

!
xt�1

#)

= exp
(
�1

2

"
1 � �̄t

(1 � �t)(1 � �̄t�1)
x2

t�1 � 2
 p

�txt

1 � �t
+

p
�̄t�1x0

1 � �̄t�1

!
xt�1

#)

= exp

8>>>>><
>>>>>:
�1

2

 
1 � �̄t

(1 � �t)(1 � �̄t�1)

!
2
66666666664
x2

t�1 � 2

✓ p
�t xt

1��t
+
p

�̄t�1x0
1��̄t�1

◆

1��̄t
(1��t )(1��̄t�1)

xt�1

3
77777777775

9>>>>>=
>>>>>;

= exp

8>>>>><
>>>>>:
�1

2

 
1 � �̄t

(1 � �t)(1 � �̄t�1)

!
2
66666666664
x2

t�1 � 2

✓ p
�t xt

1��t
+
p

�̄t�1x0
1��̄t�1

◆
(1 � �t)(1 � �̄t�1)

1 � �̄t
xt�1

3
77777777775

9>>>>>=
>>>>>;

= exp

8>><
>>:�

1
2

0
BBBBBB@

1
(1��t )(1��̄t�1)

1��̄t

1
CCCCCCA

"
x2

t�1 � 2
p

�t(1 � �̄t�1)xt +
p

�̄t�1(1 � �t)x0

1 � �̄t
xt�1

#9>>=
>>;

/ N(xt�1;
p

�t(1 � �̄t�1)xt +
p

�̄t�1(1 � �t)x0

1 � �̄t|                                          {z                                          }
µ̃t (xt ,x0)

,
(1 � �t)(1 � �̄t�1)

1 � �̄t
I

|                   {z                   }
�̃t

)

where C(xt, x0) is a constant term with respect to xt�1, as it involves only xt , x0 and �

values. The term is implicitly returned in the final line to complete the square [2].

We can rearrange the equation in Proposition 6.1, to show that x0 can be expressed
in the following form:

x0 =
1p
�̄t

(xt �
p

1 � �̄t�t)

By plugging this quantity into our previous derivation of µ̃t(xt, x0), we get:

µ̃t(xt, x0) =
p

�t(1 � �̄t�1)
1 � �̄t

xt +

p
�̄t�1(1 � �t)

1 � �̄t

1p
�̄t

(xt �
p

1 � �̄t�t)

=
1p
�t

 
xt �

1 � �tp
1 � �̄t

�t

!

Therefore, we can set our approximate denoising transition mean as:

µ̃t =
1p
�t

 
xt �

1 � �tp
1 � �̄t

�t

!
(6.6)

and the transition variance as:

�̃t =
(1 � �t)(1 � �̄t�1)

1 � �̄t

=
1 � �̄t�1

1 � �̄t
�t (6.7)
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Figure 6.2. Swiss roll example
The proposed modeling framework applied to 2-dimensional Swiss roll data. The top row showcases
time slices from the forward trajectory, highlighting the transition from the original data distribution
to an identity-covariance Gaussian through Gaussian di�usion. The middle row illustrates the
reverse trajectory, while the bottom row depicts the drift term for the reverse di�usion process. [6]

6.4 Training objective

To train the reverse Markov chain to match the time reversal of the forward Markov
chain, we must adjust the � parameter, so that the joint reverse distribution:

p�(x0:T ) = p(xT )
TY

t=1
p�(xt�1|xt) (6.8)

closely approximates the joint distribution of the forward process:

q(x0:T ) = q(x0)
TY

t=1
q(xt |xt�1) (6.9)

We employ our model to approximate µ̃t =
1p
�t

✓
xt � 1��tp

1��̄t
�t

◆
. Since we have access to

xt at training time, we train our model to predict the Gaussian noise term from input xt ,
at timestep t:

µ�(xt, t) =
1p
�t

 
xt �

1 � �tp
1 � �̄t

��(xt, t)
!

(6.10)

xt�1 becomes:

xt�1 = N(xt�1;
1p
�t

 
xt �

1 � �tp
1 � �̄t

��(xt, t)
!

,⌃�(xt, t))
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6.4.1 Simplified training objective

Ho et al. [12] parameterise the loss term Lt to minimise the di�erence from µ̃t :

Lt = Ex0,�

"
1

2k⌃�(xt, t)k22
kµ̃t(xt, x0) � µ�(xt, t)k2

#

= Ex0,�

"
1

2k⌃�(xt, t)k22
k 1p

�t

 
xt �

1 � �tp
1 � �̄t

�t

!
� 1p

�t

 
xt �

1 � �tp
1 � �̄t

��(xt, t)
!
k2

#

= Ex0,�

"
(1 � �t)2

2�t(1 � �̄t)k⌃�(xt, t)k22
k�t � ��(xt, t)k2

#

= Ex0,�

"
(1 � �t)2

2�t(1 � �̄t)k⌃�(xt, t)k22
k�t � ��(

p
�̄tx0 +

p
1 � �̄t�t , t)k2

#

6.4.1 Simplified training objective

Ho et al. [12] found that omitting the weighting term from the training objective is
easier to implement and benefits sample quality:

Lsimple
t = Et,x0,�t

h
k�t � ��(xt, t)k2

i

= Et,x0,�t

h
k�t � ��(

p
�̄tx0 +

p
1 � �̄t�t , t)k2

i

where t is uniform in [1, T ].

6.5 Denoising Di�usion Implicit Models

We have established that di�usion models produce samples using a Markov chain
which starts from a pure noise sample and progressively denoises it into a new image.
This Markov chain is obtained by approximately reversing the forward di�usion process,
which consists of up to a few thousand steps, a task that requires many iterations. Due
to this limitation, di�usion models were much slower, compared to other state-of-the-art
generative models, such as Generative Adversarial Networks (GANs).

Song et al. introduced Denoising Di�usion Implicit Models (DDIMs) [1], which were
the first implicit probabilistic models that could produce high quality samples. They
improved sampling speed by extending the original DDPM to non-Markovian cases.

Figure 6.3. Comparison of di�usion (left) and non-Markovian (right) inference models [1].

6.5.1 Updated sampler

We now reparameterise the reverse di�usion distributions q� , using Proposition 6.1.
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xt�1 =
p

�̄t�1x0 +
p

1 � �̄t�1�t�1

=
p

�̄t�1x0 +

q
1 � �̄t�1 � �2

t �t + �t�t

=
p

�̄t�1x0 +

q
1 � �̄t�1 � �2

t ·
xt �

p
�̄tx0p

1 � �̄t
+ �t�t

q�(xt�1|xt, x0) = N
 
xt�1;

p
�̄t�1x0 +

q
1 � �̄t�1 � �2

t ·
xt �

p
�̄tx0p

1 � �̄t
, �2

t I
!

The degree of stochasticity in the forward process is determined by the magnitude of
�. As � approaches 0, we reach an extreme scenario where, as long as we observe x0 and
xt for some time t, the value of xt�1 becomes deterministically known and fixed.

Recalling Eq. 6.5 and Eq. 6.7, we have q(xt�1|xt, x0) = N(xt�1; µ̃t(xt, x0), �̃tI). Thus:

�̃t = �2
t =

1 � �̄t�1

1 � �̄t
�t

This setting corresponds to DDPMs
We set �2

t = � · �̃t , � 2 R+. This formulation allows us to control the stohasticity of
the procedure, using the � hyperparameter. Denoising DI�usion Implicit Models (DDIMs)
correspond to setting � = 0. In this case, sampling becomes deterministic and samples
are generated from latent variables with a fixed procedure (from xT to x0). The DDIM name
derives from the fact that the model is is an implicit probabilistic model trained with the
DDPM objective, even though the reverse process is no longer a di�usion.

Figure 6.4. Accelerated generation using DDIM [1].

It has been empirically observed [1] that executing DDIM on a subset S = {�1, . . . , �S}
of the initial T training steps results in optimal performance. Thus, the inference process
becomes:

q�,�(x�i�1 |x�i , x0) = N
0
BBBBB@x�i�1 ;

p
�̄�i�1x0 +

q
1 � �̄�i�1 � �2

�i ·
x�i �

p
�̄�i x0p

1 � �̄�i

, �2
�i
I

1
CCCCCA 8i 2 [S]

It is clear that the reason for DDIM’s significant speed improvement is its capability to
train the di�usion model on a large number of forward steps while generating samples
from a selected subset of steps. On the other hand, DDPM performs best when applied on
all initial T timesteps. Through DDIMs, an inherent trade-o� emerges between sampling
quality and computational costs. Namely, one can increase the number of steps taken
during sampling, in order to increase sample quality, or decrease the number of steps to
achieve faster inference. This trade-o� is evident in Fig. 6.5 and Fig. 6.6.
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6.5.1 Updated sampler

Figure 6.5. DDIM samples with the same random xT and di�erent number of steps [1].

Figure 6.6. Hours to sample 50k images using DDIM [1].
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6.6 Related Algorithms

Algorithms 6.1 and 6.2 are utilised to train and sample from a Denoising Di�usion
Probabilistic Model. Algorithm 6.2 uses the simplified training objective presented in
subsection 6.4.1.

Algorithm 6.1. DDPM Training [12]

1: repeat
2: x0 ⇠ q(x0)
3: t ⇠ Uniform({1, . . . , T })
4: � ⇠ N(0, I)
5: Take gradient descent step on

r�

���� � ��(
p

�̄tx0 +
p

1 � �̄t�, t)
���2

6: until converged

Algorithm 6.2. DDPM Sampling [12].

1: xT ⇠ N(0, I)
2: for t = T, . . . , 1 do
3: z ⇠ N(0, I) if t > 1, else z = 0
4: xt�1 =

1p
�t

✓
xt � 1��tp

1��̄t
��(xt , t)

◆
+ �tz

5: end for
6: return x0
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Chapter 7

Score-Based Generative Models

Another important member in the family of di�usion models is score-based generative
models (SGMs) [4]. Given the data distribution pdata(x), we define the score function
as the gradient of the log probability density function, also known as the (Stein) score
function. The key principle of SGMs is to estimate the score function, using a deep neural
network, and generate samples using score-based sampling approaches.

Score-based models have achieved state-of-the-art results on tasks such as image
[4, 15, 14, 12], and audio [8, 7] generation.

7.1 Score function and score matching for score estimation

Suppose our dataset consists of i.i.d. samples {xi 2 RD}Ni=1 from a data distribu-
tion pdata(x), which is unknown. The score of a probability density p(x) is defined as
rx log p(x). It is essentially a vector field, pointing in the direction where the log data den-
sity grows the most. The score network s� : RD ! RD is a neural network parameterized
by �, which will be trained to approximate the score of pdata(x).

Score matching was initially utilised to learn non-normalised statistical models based
on i.i.d. samples from a data distribution. It can be repurposed in training a score
network s�(x) to estimate rx log pdata(x) without estimating pdata(x) first. The objective is
to minimise

1
2
Epdata (x)

h
ks�(x) � rx log pdata(x)k22

i
(7.1)

which is equivalent to the following up to a constant:

Epdata (x)


tr(rxs�(x)) +

1
2
ks�(x)k22

�
(7.2)

where rxs�(x) denotes the Jacobian of s�(x).

While the expectation over pdata(x) can be quickly estimated using data samples,
score matching is not scalable to deep networks and high dimensional data due to the
computational cost of tr(rxs�(x)). To circumvent this problem, we present two popular
methods for large scale score matching.
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Chapter 7. Score-Based Generative Models

7.1.1 Denoising score matching

Denoising score matching [16] perturbs the data point x with a pre-specified noise
distribution q�(x̃ |x) and employs score matching to estimate the score of the perturbed
data distribution, q�(x̃) ,

R
q�(x̃ |x)pdata(x)dx. The objective was proved equivalent to:

1
2
Eq� (x̃ |x)pdata (x)

h
ks�(x̃) � rx̃ log q�(x̃ |x)k22

i
(7.3)

The optimal score network, s�⇤(x), satisfies s�⇤(x) = rx log q�(x) almost surely, while
s�⇤(x) = rx log q�(x) ⇡ rx log pdata(x) is true only when noise is small enough, such that
q�(x) ⇡ pdata(x).

7.1.2 Sliced score matching

Sliced score matching [17] uses random projections to approximate tr(rxs�(x)) in score
matching. The objective becomes:

EpvEpdata


vTrxs�(x)v +

1
2
ks�(x)k22

�
(7.4)

where pv is a simple distribution of random vectors, e.g., the multivariate standard
normal. The term vTrxs�(x)v can be e�ciently computed by forward mode auto-
di�erentiation. In contrast to denoising score matching, which estimates the score func-
tion of perturbed data, sliced score matching estimates the score function of the original
distribution. Due to the forward mode auto-di�erentiation, sliced score matching requires
around four times more computations than denoising score matching.

7.2 Sampling with Langevin Dynamics

Langevin Dynamics is capable of generating samples from a probability density p(x),
using only the score function rx log p(x). This is why estimating the score function is so
important in score-based modelling. With an initial data point x̃0 ⇠ �(x) (� being a prior
distribution) and step size � > 0, Langevin Dynamics recursively computes the following:

x̃t = x̃t�1 +
�
2
rx log p(x̃t�1) +

p
�zt (7.5)

where zt ⇠ N(0, I). When � ! 0 and T ! 1, the distribution of x̃T equals p(x). Under
some regularity conditions [18], x̃T becomes an exact sample from p(x). On the other
hand, when � > 0 and T < 1, a Metropolis-Hastings update is needed to correct the error
of Eq. 7.5. In practice, we set � to a small number and T to a large number and safely
ignore this error.

The process of sampling from Eq. 7.5 relies on the the score function rx log p(x).
Therefore, to obtain samples from pdata(x), we can initially train our score network to
approximate s�(x) ⇡ rx log pdata(x). Subsequently, we can use this approximation in
conjunction with Langevin dynamics to generate samples. This fundamental concept
constitutes the core principle of score-based generative modeling.
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7.3 Challenges of score-based generative models

7.3 Challenges of score-based generative models

Score-based generative models face two major challenges, that prevent the naive ap-
plication of the ideas described in the previous sections.

7.3.1 The manifold hypothesis

Data in the real world, as well as in many datasets, tend to concentrate on on low
dimensional manifolds in a high dimensional space, the ambient space. This is a problem
for score-based modelling, as the score rx log pdata(x) is undefined, when x is confined to
a low dimensional manifold. Additionally, the score matching objective in Eq. 7.2 will be
inconsistent, because it depends on the support of the data distribution being the whole
space [4].

Perturbing the original data distribution with a small Gaussian noise, such that the
perturbed distribution will have full support over RD, is an easy way to circumvent this
problem. This can be observed in Fig. 7.1, where the sliced score matching objective
fluctuates irregularly, when trained on the original data distribution, but converges if the
data has been perturbed with small Gaussian noise.

Figure 7.1. Sliced score matching objective: No noise added (left); Data perturbed with
N(0, 10�4) (right) [4].

7.3.2 Low data density regions

The lack of data samples in regions of low data density hinders the accurate estimation
of the score function. This is a problem for two reasons. Firstly, the objective in score
matching is to minimise 1

2Epdata (x)
h
ks�(x) � rx log pdata(x)k22

i
(Eq. 7.1). The expectation

over pdata(x) is calculated using i.i.d. samples, thus score matching will not have su�cient
data to estimate rx log pdata(x), in low data density regions. Secondly, when two modes of
the data distribution are separated by low data density regions, Langevin Dynamics will
not be able to recover their relative weights (since the gradient and log operators in the
score function discard the weights), which could hinder convergence [4].

7.4 Noise Conditional Score Networks (NCSNs)

Song and Ermon [4] observed that perturbing the data with Gaussian noise can sig-
nificantly aid score-based generative modelling in circumventing these challenges. The
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Chapter 7. Score-Based Generative Models

Figure 7.2. Low data density example: rx log pdata(x) (left); s�(x) (right)
Orange colourmap denotes the data density pdata(x) with darker colour implying higher data density.
Within the red rectangles rx log pdata(x) ⇡ s�(x) [4].

Figure 7.3. Samples from a mixture of Gaussian with di�erent methods: Exact sampling
(left); Using Langevin dynamics (right)
Langevin dynamics estimate the relative weights between the two modes incorrectly [4].

perturbed data will not be confined to a low dimensional manifold, since the support of
the noise distribution is the entire space. Additionally, large Gaussian noise can fill the
low data density regions in the original distribution and thus improve score estimation.
Conversely, perturbing the data with large noise corrupts the distribution.

In order to attain the benefits of noise perturbation, without corrupting our original
data distribution, we use a sequence of noise perturbed distributions, which converge
to the true data distribution. This method, inspired by simulated annealing [19], ben-
efits from the intermediate distributions and can improve the mixing rate of Langevin
Dynamics.

Let �1
�2
= · · · = �L�1

�L
> 1 be a sequence of L decreasing noise levels. We perturb the

data with Gaussian noise N(0, �iI), using all {�i}Li=1, resulting in a sequence of perturbed
distributions q�i (x) =

R
pdata(t)N(x; t, �2

i I)dt.

We need to estimate the score of each perturbed distribution. This can be achieved
by training a conditional score network for all intermediate distributions: 8�i 2 {�i}Li=1 :
s�(x, �i) ⇡ rx log q�i (x). s�(x, �) is called a Noise Conditional Score Network (NCSN) [4].

7.5 Training NCSNs via score matching

NCSNs can be trained by denoising, as well as sliced score matching. As Song and
Ermon demonstrate [4], we opt for denoising score matching, as it is not only faster, but
also naturally fit for the task of estimating the scores of noise perturbed data distributions.
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7.6 NCSN inference via annealed Langevin Dynamics

We choose the noise distribution to be:

q�(x̃ |x) = N(x̃ |x, �2I) =
1

�
p

2�
exp

"
1
2

✓ x̃ � x
�

◆2#
(7.6)

Thus, the score will be:

rx̃ log q�(x̃ |x) = rx

"
log

 
1

�
p

2�

!
+

1
2

✓ x̃ � x
�

◆2#
= � x̃ � x

�2 (7.7)

The denoising score matching objective in Eq. 7.3 becomes:

�(�; �) ,
1
2
Epdata (x)Ex̃⇠N(x,�2I)

"�����s�(x̃ , �) +
x̃ � x

�2

�����
2

2

#
(7.8)

By combining Eq. 7.8 for all � 2 {�i}Li=1, we get the unified objective:

L(�, {�i}Li=1) ,
1
L

LX

i=1
�(�i)�(�, �i) (7.9)

where �(�i) > 0 is a weighting coe�cient, often chosen as �(�i) = �2
i [4].

7.6 NCSN inference via annealed Langevin Dynamics

Once our NCSN s�(x, �) has been trained, we can use a modified version of Langevin
Dynamics, called annealed Langevin Dynamics, for sampling. This method was inspired
by simulated annealing [53] and annealed importance sampling [54]. The process begins
by initialising samples from some fixed prior distribution. After each iteration, the method
decreases the noise level �i and the step size ai . The full algorithm is outlined below:

Algorithm 7.1. Annealed Langevin Dynamics

Require: {�}Li=1, �, T
1: Initialise x̃0
2: for i  1 to L do
3: ai  � · �2

i /�2
L � ai is the step size.

4: for t  1 to T do
5: Draw zt ⇠ N(0, I)
6: x̃t  x̃t�1 +

ai
2 s�(x̃t�1, �i) +

p
aizt

7: end for
8: x̃0  x̃T

9: end for
return x̃T

Fig. 7.4 shows three random sampling trajectories generated with Langevin dynamics,
for a Mixture of Gaussians and starting from the same initialisation point. The left sub-
plot shows these trajectories in 3D, while the right subplot shows them in 2D, against the
ground-truth score function. Despite sharing a common intialisation point, the trajecto-
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Chapter 7. Score-Based Generative Models

Figure 7.4. Random sampling trajectories generated with Langevin dynamics [2].

ries produce samples from di�erent modes, thanks to the stochastic noise perturbations
in Langevin dynamics. Otherwise, the procedure would always follow the score to the
same mode deterministically.
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Chapter 8

Stochastic Di�erential Equations

In the preceding chapters, we explored Denoising Di�usion Probabilistic Models and
Score-Based Generative Models. Both classes of models rely on gradually perturbing data
with increasing noise levels and learning to reverse this forward process to generate new
samples from pure noise, that follow the original data distribution. Denoising Di�usion
Probabilistic Models [6, 12] are probabilistic models, trained to reverse each step of the
perturbation process, while Score-Based Generative Models [4] estimate the score function
of the original data, perturbed at various noise scales, and utilise Annealed Langevin
Dynamics to generate new data samples. Song et al. [3] demonstrated that both classes
of models can be regarded as discretisations of stochastic di�erential equations, thus
providing a unifying perspective on previous approaches.

This framework is comprised of an infinite number of distributions, which are used
to di�use the data into random noise. Thus, the forward di�usion process is given by a
prescribed stochastic di�erential equation (SDE), which is independent of the data and
has no trainable parameters. Given the score of the marginal probability densities as a
function of time, and using the forward SDE, we can obtain the reverse-time SDE [20].
The reverse-time SDE can be approximated using a time-dependant neural network, to
estimate the scores. Thus, we can generate new data samples, using numerical SDE
solvers. These ideas are summarised in Fig. 8.1.

Figure 8.1. Forward and Reverse SDE [3].
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8.1 Data perturbation using SDEs

Prior methods relied on perturbing data with various levels of noise. We expand on
this concept by incorporating an infinite number of noise levels, resulting in perturbed
data distributions that evolve according to an SDE, as the noise intensifies.

The di�usion process, which we examined in previous chapters, is the solution to the
following SDE:

dx = f (x, t)dt + g(t)dw (8.1)

where w is the standard Wiener process (Brownian motion), f (·, t) : RD ! RD is a vector-
valued function called the drift coe�cient of x(t) and g(·) : R! R is the di�usion coe�cient
of x(t). The solution to the SDE, is a di�usion process {x(t)}, where t 2 [0, T ], such that
x(0) ⇠ p0 (the data distribution) and x(T ) ⇠ pT (the prior distribution).

We notice an analogy between the discrete steps of di�usion, discussed in previous
chapters, and the continuous di�usion described by the SDE. Specifically, the discrete
timesteps i = 1, 2, . . . , L are generalised to timesteps t 2 [0, T ]. Additionally, the discrete
noise levels �1, �2, . . . , �L , which were hand picked in the discrete case, correspond to the
SDE in the continuous case, which is also hand-designed. In other words, the way the
SDE is designed is directly related to the noise levels we choose for perturbation in the
discrete case. Similar to how in the discrete case, the noise levels are characteristic of
the model, in the continuous case, the SDE is characteristic of the model.

In the following section, we explore the noise perturbations used in Score-Based Gen-
erative Models and Denoising Di�usion Probabilistic Models, which can be regarded as
discretisations of Variance Exploding (VE) and Variance Preserving (VP) SDEs, respectively.

8.2 Variance Exploding and Variance Preserving SDEs

The noise perturbations used in Score-Based Generative Models and Denoising Di�u-
sion Probabilistic Models are discretisations of two di�erent types of SDEs [3].

In the case of Score-Based Generative Models, each perturbation kernel p�i (x |x0) cor-
responds to the distribution of xi , in the following Markov chain:

xi = xi�1 +
q

�2
i � �2

i�1zi�1, i = 1, . . . , N (8.2)

where zi�1 ⇠ N(0, I). Consider infinite noise scales (N ! 1). In that case, {�i}Ni=1 be-
comes a function �(t), the noise distribution zi becomes z(t) and the Markov chain {xi}Ni=1

becomes a continuous stochastic process. We use the notation {x(t)}1t=0, where t is a
continuous time variable t 2 [0, 1]. The corresponding SDE, whose solution is {x(t)}1t=0,
is:

dx =

r
d

⇥
�2(t)

⇤

dt
dw (8.3)

For Denoising Di�usion Probabilistic Models, with perturbation kernels {pai (x |x0)}Ni=1,
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8.3 Reversing the SDE to generate samples

the discrete Markov chain is:

xi =
p

1 � �ixi�1 +
p

�izi�1, i = 1, . . . , N (8.4)

When N ! 1, Eq. 8.4 converges to the following SDE:

dx = �1
2

�(t)xdt +
p

�(t)dw (8.5)

The noise perturbations used in Score-Based Generative Models are a discretisation
of Eq. 8.3 and the noise perturbations used in Denoising Di�usion Probabilistic Models
are a discretisation of Eq. 8.5.

Since the solution of Eq. 8.3 is always a process of exploding variance, as t ! 1, the
equation is known as the Variance Exploding (VE) SDE. Similarly, the solution of Eq. 8.5
is always a process of fixed variance of one, as long as the initial distribution has unit
variance [3]. Thus, Eq. 8.5 is known as the Variance Preserving (VP) SDE.

8.3 Reversing the SDE to generate samples

We examined how, in the finite case, we can reverse the forward di�usion process to
produce new samples, starting from prior distributions of pure noise. Likewise, in the
continuous case, beginning with a sample of x(T ) ⇠ pT and reversing the process of the
SDE, we can generate new samples x(0) ⇠ p0. Anderson [20] proved that reversing a
di�usion process results in another di�usion process, which runs backwards in time and
is given by the reverse-time SDE:

dx =
h
f (x, t) � g(t)2rx log pt(x)

i
dt + g(t)dw̄ (8.6)

Since this SDE runs backwards in time, dt represents an infinitesimal negative timestep,
and w̄ is the standard Wiener process, as time flows from T to 0. In order to sample
from p0, we must simulate the reverse SDE, which requires estimating the score function
rx log pt(x). Note that the score function matches the one learned by score-based models.

Once a score-based model has been trained to estimate the score function, we can
utilise it to simulate the reverse SDE and solve it, to generate samples matching the
original data distribution, i.e. p0. We examine two approaches in solving the SDE,
general purpose numerical SDE solvers and Predictor-Corrector (PC) samplers.

8.3.1 General purpose numerical SDE solvers

The reverse SDE can be solved using numerical SDE solvers, which are capable of
approximating trajectories from SDEs. Any SDE solver can be utilised to produce sam-
ples. The most popular ones include the Euler-Maruyama and stochastic Runge-Kutta
methods which correspond to discretisations of the stochastic dynamics.
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8.3.2 Predictor-Corrector samplers

We can utilise the score-based model to improve the solutions to the reverse SDE.
Predictor-Corrector samplers are comprised of two main components. The first is a pre-
dictor, which estimates the sample, while the second is a corrector, which corrects the
marginal distribution of the predicted sample. These samplers are iterative, estimating
both a prediction and a correction, at each timestep. The predictor is a numerical SDE
solver, while the corrector is a score-based MCMC approach, such as Langevin MCMC.
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Chapter 9

Discriminator Guidance

In an e�ort loosely inspired by Generative Adversarial Networks, Kim et al. [5] modify
the di�usion sampling process by utilising a discriminator network to bridge the gap be-
tween the model score and the true data score. In their method, Discriminator Guidance,
they maintain the pre-trained score model as a fixed component and introduce a dis-
criminator network to classify real and generated data across di�erent noise scales. The
method incorporates a correction term into the model score, guided by the discriminator’s
feedback, which helps steer the sample generation towards more realistic paths.

9.1 Correction of Model Scores

Following the training of scores, we generate samples using the time-reversal genera-
tive process described by the reverse time SDE:

dx =
h
f (x, t) � g(t)2s�1(x, t)

i
dt + g(t)dw̄ (9.1)

where s�1 denotes the pre-trained score network. If the local optimum �1 deviates
from the global optimum �⇤, the generative process may di�er from the reverse-time data
process. Theorem 9.1 demonstrates that the generative process of Eq. 9.1 can align with
the data process of Eq. 8.6 by adjusting the model score. The di�erence between the two
processes is bridged by the correction term, which is nonzero whenever �1 , �⇤.

Theorem 9.1. Suppose p�1 is the solution of the time-reversal generative process of

Eq. 9.1. Let pt
r and pt

�1
be the marginal densities (at t) of the forward-time SDE

dx = f (x, t)dt + g(t)dw starting from pr and p�1 , respectively. If s�1(x, T ) = r log �(x),
where � is the prior distribution, and the log-likelihood log p�1 equals its evidence lower

bound L�1 , then the reverse-time SDE

dx =
h
f (x, t) � g(t)2rx log pt

r(x)
i
dt + g(t)dw̄

coincides with a di�usion process with an adjusted score,

dx =
h
f (x, t) � g(t)2(s�1 + c�1)(x, t)

i
dt + g(t)dw̄,

for c�1(x, t) := r log pt
r (x)

pt
�1 (x) .
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9.2 Discriminator Guidance

The correction term c�1(x, t) = r log pt
r (x)

pt
�1 (x) is generally intractable due to the inacces-

sible density ratio pt
r

pt
�1

. To address this, Kim et al. [5] approximate the density ratio by
training a discriminator at every noise level t. For discriminator training, fake samples
are generated from the process outlined in Eq. 9.1, equal in number to the actual data
instances. The real and fake data are then classified using Binary Cross Entropy (BCE):

L� =

Z
�(t)

�
Ept

r (x)[� log d�(x, t)]

+ Ept
�1 (x)[� log (1 � d�(x, t))]

�
dt,

(9.2)

where � represents the temporal weight.
Expressed in terms of the optimal discriminator �⇤ derived from L�, the correction

term is given by:

c�1(x, t) = r log
d�⇤(x, t)

1 � d�⇤(x, t)
.

To estimate the correction term c�1 , we utilise a neural discriminator �:

c�1(x, t) ⇡ c�(x, t) = r log
d�(x, t)

1 � d�(x, t)
.

With this tractable estimate of the correction term, Discriminator Guidance (DG) is defined
by:

dx =
⇥
f (x, t) � g2(t)(s�1 + c�)(x, t)

⇤
dt + g(t)dw̄. (9.3)

9.2.1 Theoretical Analysis

While Discriminator Guidance was initially introduced in the context of stochastic dif-
ferential equations, this section delves into the approach from the standpoint of statistical
divergence between the data and sample distributions. Specifically, let p�1,� be the sam-
ple distribution guided by the discriminator, as defined in Eq. 9.3. The central question
becomes whether p�1,� is closer to the data distribution pr than p�1 . This question is
addressed in Theorem 9.2.

Theorem 9.2. If the assumptions of Theorem 9.1 hold, then

DKL(prkp�1) = DKL(pT
r k�) + E�1 ,

DKL(prkp�1,�)  DKL(pT
r k�) + E�1,�,

where E�1 is the score error

E�1 =
1
2

Z T

0
g2(t)Ept

r
[kr log pt

r � s�1k22]dt,

66 Diploma Thesis



9.2.1 Theoretical Analysis

and E�1,� is the discriminator-adjusted score error

E�1,� =
1
2

Z T

0
g2(t)Ept

r
[kr log pt

r � (s�1 + c�)k22]dt

=
1
2

Z T

0
g2(t)Ept

r
[kc�1 � c�k22]dt.

Table 9.1. Discriminator-adjusted score error E�1,� and corresponding Gain.

Discriminator E�1 ,� Gain

Blind d�b (⌘ 0.5) E�1 0
Optimal d�⇤ 0 E�1 (Maximum)
Untrained d�0 (⇡ 0.5) ⇡ E�1 ⇡ 0
Trained d�1 ⌧ E�1 % E�1

To assess the impact of discriminator training, we utilise Theorem 9.2 to compute the
gain by subtracting two KL divergences,

DKL(prkp�1,�)  DKL(prkp�1) � Gain(�1, �),

where Gain(�1, �) = E�1 �E�1,� represents the di�erence between the score error and the
discriminator-adjusted score error. While Theorem 9.2 doesn’t ensure a strictly positive
gain, Kim et al. demonstrate in their work [5] that the initialisation of the gain near zero
gradually increases during discriminator training, as outlined in Table 9.1. Specifically,
when the discriminator is untrained (d�0 ⌘ 0.5), no signal is derived from the discrim-
inator gradient, and the discriminator-adjusted score error E�1,�b is equal to the score
error E�1 . Therefore, the gain is approximately zero when the discriminator is untrained
(d�0 ⇡ 0.5), as depicted in Fig. 9.1. Conversely, at the optimal discriminator d� , the neu-
ral correction c�⇤ aligns with the target correction c�1 , satisfying E�1,�⇤ = 0 and allowing
for the maximization of Gain as discriminator parameters are updated. Refer to Fig. 9.2
for a schematic representation.

Figure 9.1. Discriminator Guidance training and FID on CIFAR-10. [5].

Essentially, Discriminator Guidance introduces an additional axial degree of freedom
�, which reparameterises the score error E�1 into a discriminator-adjusted score error
E�1,�. Consequently, the score error E�1 is no longer optimised with the denoising score
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Chapter 9. Discriminator Guidance

loss L�, but the reparameterised error E�1,� can be further optimised with an alternative
loss L� as defined in Eq. 9.2.

Figure 9.2. Schematic illustration of Gain, which increases as discriminator is trained [5].
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Chapter 10

Exposure Bias

The iterative sampling chain in di�usion models is long, usually requiring thousands
of steps due to the Gaussian assumption of reverse di�usion, which only holds for small
step sizes [6]. This leads to the exposure bias problem, illustrated by Ning et al. [21].
Exposure bias refers to the discrepancy between the input data during training and in-
ference phases. During training, the model is consistently exposed to the ground truth
training sample xt . However, during inference, the model relies on the previously gener-
ated sample, x̂t . This distinction between xt and x̂t results in a di�erence between ��(xt)
and ��(x̂t), where �� is the model’s noise prediction. This disparity between the two pre-
dictions results in error accumulation and deviations in the sampling process, known as
"sampling drift" [22]. Ning et al. [23] propose an e�ective method, Epsilon Scaling, for
alleviating exposure bias, which is incorporated directly into the sampling process and
requires no training or fine-tuning of the model.

10.1 Prediction Error leads to Exposure Bias

Ning et al. [21] identify a phenomenon associated with the sampling chain in di�usion
models, which involves the accumulation of errors across T inference sampling steps.
This accumulation is primarily attributed to the discrepancy between the training and
inference stages. During training, the di�usion model is trained with a ground truth
pair (xt, xt�1), learning to reconstruct xt�1 given xt . However, during inference, the model
lacks access to the ground truth xt and relies on the previously generated x̂t , leading to a
potential accumulation of errors. This mismatch between the input used in training and
the input used in sampling resembles the exposure bias problem, originally observed in
other generative models [24, 25].

During training, the ground truth training sample xt is available to the model, with
the training distribution being q(xt |x0). In the inference phase, the model can only rely
on the previously generated sample, x̂t . The sampling distribution can be denoted as
q(x̂t |xt+1, xt+1

� ), where xt+1
� is the prediction the model makes for x0 given xt+1, using Prop.

6.1, following notation by Ning et al. [23]. This results in a discrepancy between ��(xt)
and ��(x̂t).
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Chapter 10. Exposure Bias

Xiao et al. [26] observed that the sampling distribution p�(xt�1|xt) is parameterized as:

p�(xt�1|xt) = q(xt�1|xt, xt
�) (10.1)

where xt
� represents the predicted x0. The sampling process involves predicting � using

��(xt, t) and deriving the estimation xt
� for x0 using Prop. 6.1. Then, xt�1 is generated

based on the ground truth posterior q(xt�1|xt, x0), by replacing x0 with xt
�. However,

q(xt�1|xt, x0) = q(xt�1|xt, xt
�) holds only if xt

� = x0. In practice, q(xt�1|xt, x0) , q(xt�1|xt, xt
�),

as the network makes prediction errors when estimating x0, and, as a result, q(xt�1|xt, xt
�)

does not have the same variance as q(xt�1|xt, x0).
Ning et al. [23] analytically calculate the discrepancy between the training and sam-

pling distribution in DDPMs. They model xt
� as p�(x0|xt) and approximate it by a Gaussian

distribution, following Bao et al. [55, 56].

xt
� = x0 + et�0 (10.2)

where et is the standard deviation of xt
�, and �0 ⇠ N(0, I). Their findings are summarized

in Table 10.1. It becomes clear that the sampling distribution’s variance is always larger
than that of the training distribution by a factor of (

p
�̄t�t+1

1��̄t+1
et+1)2. It must be noted that

this is the prediction error produced in a single reverse di�usion step. During sampling,
the errors accumulate across steps, resulting in the Exposure Bias problem.

Mean Variance

q(xt |x0)
p

�̄tx0 (1 � �̄t)I
q(x̂t |xt+1, xt+1

� )
p

�̄tx0 (1 � �̄t + (
p

�̄t�t+1
1��̄t+1

et+1)2)I

Table 10.1. Mean and variance of q(xt |x0) and q(x̂t |xt+1, xt+1
� )

10.2 Related Work

To address the exposure bias issue, Ning et al. [21] suggest explicitly modelling the
prediction error during training. During the training phase, they perturb xt as normal
and provide the network with a new, noisier version of xt . This simulates the training-
sampling discrepancy, fooling the learned network into considering potential prediction
errors during inference. Even though their method proves e�ective in reducing the expo-
sure bias phenomenon, it is cumbersome as it necessitates retraining the score network
entirely, a computationally expensive endeavour.

Li et al. [22] propose a di�erent approach, which involves shifting the timestep t during
sampling. They observe that the time step t is directly linked to the corruption level of data
samples and demonstrate that adjusting the subsequent time step t �1 during sampling,
based on the variance of the currently generated samples, can e�ectively mitigate exposure
bias. Despite the fact that their method circumvents the need for model retraining, tuning
the timestep shift is di�cult to optimise.
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10.3 Epsilon Scaling

Ning et al. [23] propose scaling down the predicted noise factor �s
� (where s denotes

the noise factor predicted in the sampling stage) by a factor �t at time step t as a way to
reduce Exposure Bias. Their approach is based on the assumption that the accuracy of
the prediction �s

� can be enhanced if we are able to shift the input (x̂t , t) away from the
unreliable vector field (depicted as the orange curve in Fig. 11.1 and 11.2) and towards
the dependable vector field (represented by the green curve in Fig. 11.1 and 11.2).

Their approach is rooted in the following observation: �s
� and �t

� (where t denotes
to the noise factor predicted in the training stage) both originate from the same input
xT ⇠ N(0, I) at time step t = T . However, starting from time step T �1, x̂t (the input for �s

�)
begins to deviate from xt (the input for �t

�) due to the ��(·) error made in the previous time
step. This iterative process continues throughout the sampling chain, leading to exposure
bias. Therefore, we can bring x̂t closer to xt by reducing the overestimated magnitude of
�s

�. Their sampling method only di�ers from Eq. 6.10 in the �t term and can be expressed
as:

µ�(xt, t) =
1p
at

 
xt �

�tp
1 � āt

��(xt, t)
�t

!
(10.3)

As a result, epsilon scaling is a plug-in method which requires no retraining or fine-
tuning of the original score model and adds no overhead computational cost.
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Our Method

11.1 Quantifying Exposure Bias

As Table 10.1 illustrates, the xt seen by the network during training di�ers from the x̂t

seen by the network during sampling. This discrepancy leads to a drift between the noise
prediction made during training, �t

�, and the noise prediction made during sampling, �s
�.

Following Ning et al. [23], we choose to measure the sampling drift at each timestep as
the di�erence between �t

� and �s
�. However, since the ground truth of �s

� is intractable in
the sampling phase, we use the L2-norm to quantify the exposure bias [23].

Figure 11.1. EDM model, Euler 1st order solver. L2-norm of ��(·) during 21-step sampling,
sampling with DG and training. Statistical L2-norm was calculated using 50k samples at
each timestep. Sampling is from right to left.

In Fig. 11.1 and Fig. 11.2 we plot the L2-norm of �t
�, �s

� and �s,DG
� using the Euler, as

well as the Heun ODE solver. �s
� and �s,DG

� refer to the noise prediction in the vanilla EDM
model and in the discriminator guided EDM-G++ model, respectively. We observe that
in the case of the Euler solver, the L2-norm of �s,DG

� is larger than that of �t
� and nearly

Diploma Thesis 73



Chapter 11. Our Method

coincides with the L2-norm of �s
�. In the case of the Heun 2nd order solver, the di�erence

between the two norms is smaller, however, the L2-norm of �s,DG
� is, once again, larger

than that of �t
� and closer to that of �s

�. This means that the correction term o�ered by
discriminator guidance does not alleviate the sampling procedure of its collected exposure
bias. Instead, the prediction errors accumulate and the learnt vector field �s,DG

� deviates
from the desired sampling trajectory.

Figure 11.2. EDM model, Heun 2nd order solver. L2-norm of ��(·) during 35-step sampling,
sampling with DG and training. Statistical L2-norm was calculated using 50k samples at
each timestep. Sampling is from right to left.

11.2 Proposed Framework

We use the EDM model, proposed by Karras et al. [14], as a score estimator due to
the detailed way in which it was designed. Through careful network design and fine-
tuning of hyperparameters, EDM achieves a substantial quality enhancement, reducing
the FID score on the CIFAR-10 dataset to 1.97, demonstrating notable progress at the
time. Moreover, seeing as Exposure Bias exhibits a strong correlation with FID score [23],
we assume that in comparison to other networks, the vanilla EDM model demonstrates a
reduced accumulation of exposure bias.

When it comes to the discriminator network, we follow the setup demonstrated by Kim
et al. [5]. The discriminator network is comprised of the encoders of two U-Net struc-
tures. The first U-Net encoder is frozen and the second one is fine-tuned, to accelerate
training. We leave the exploration of other discriminator architectures, such as Vision
Transformers, as future work.

In Sec. 10.2, we mention di�erent approaches which seek to reduce the impact of
Exposure Bias on the sampling trajectory. Ning et al. [21] suggest introducing an extra
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11.2 Proposed Framework

noise factor at each step during the training to mitigate the discrepancy between training
and inference. However, this method proves cumbersome as it requires retraining the
model from scratch. Li et al. [22] explore how manipulation of the time step during
the reverse generation process can trick the model into reducing the Exposure Bias is-
sue. This method is also di�cult to implement as exploring the entire space of possible
combinations is inconvenient as it requires costly experimentation to produce noteworthy
results. The latest method to reduce Exposure Bias, introduced by Ning et al. [23], known
as Epsilon Scaling, is our selected approach. It is a training free, plug-in method, which
has proven e�ective in reducing Exposure Bias and significantly improving the FID score
across a range of di�usion models (ADM [57], DDIM [1], EDM [14], LDM [33]). We present
the main notion of Epsilon Scaling in Sec. 10.3.

Although the network output of EDM is the score function s�, not �, the noise factor
� can easily be extracted at each sampling step and used to apply Epsilon Scaling [23].

When it comes to designing the scaling schedule �t , Ning et al. [23] propose that
the term �t should be a linear function �t = kt + b where k, b are constants. They
also observe that the longer the sampling step, the smaller the k that should be used.
Thus, they suggest a uniform schedule �t (k = 0) to facilitate practicality and simplify the
exploration of the b parameter. In our experiments, we confirm that the use of a linear �t

can provide similar or sub-optimal results, compared to the uniform schedule �t = b and
explore the constant scaling factor more extensively.
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Chapter 12

Results

12.1 Euler Solver

We firstly present our results using the Euler 1st order ODE solver. When it comes to
the Discriminator Guidance method (Kim et al. [5]), we identify a noteworthy omission.
Namely, the authors do not report performance of the EDM-G++ model using the Euler
ODE solver. We have calculated the FID score of EDM-G++ on the CIFAR-10 dataset
using various numbers of timesteps and Discriminator Guidance weight, wDG and we
present our results in Fig. 12.1.

Figure 12.1. FID-50k ablation study on DG weight (Euler Solver).

Notably, the EDM-G++ model, which is guided by a discriminator, exhibits a notewor-
thy decrease in sample quality when compared to the baseline EDM model. This decline
intensifies as the weight assigned to the discriminator’s correction term, wDG, increases.
This outcome is intriguing in light of the fact that the inclusion of discriminator guidance
led to a substantial reduction in the FID score using the Heun 2nd order ODE solver. It is
plausible to surmise that the reduced FID score in the case of the 1st order solver may be
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attributed to the absence of a corrective step in the sampling process. The enhancement
of sample quality in the EDM model [14] is markedly facilitated by the inclusion of a
corrective step in the ODE solver. This is a crucial factor contributing to the widespread
adoption of the Heun ODE solver in recent research, as it consistently delivers superior
performance [14].

Nevertheless, the epsilon scaling method demonstrates its e�cacy in the context of
discriminator-guided di�usion models as well. SEDM-G++ successfully reduces the FID
score across di�erent numbers of total timesteps and wDG values when utilising the Euler
ODE solver, as compared to the EDM-G++ and EDM baselines. Remarkably, SEDM-
G++ narrows the performance gap between EDM-G++ using a 21-step Euler solver and
a 35-step Euler solver, with the performance of SEDM-G++ using a 21-step Euler solver
closely approaching that of the baseline EDM-G++ model using a 35-step Euler solver.
This results in a significant reduction in computational and time requirements during
inference, without compromising sample quality to a considerable extent.

In Figure 12.2, we present uncoordinated samples derived from the EDM-G++ baseline
and our proposed SEDM-G++. Apart from the evident improvement in the FID score,
our method yields noticeable qualitative enhancements in the generated samples. For
example, the sample located in the third row and third column, as well as the sample in the
fifth row and fourth column, exhibit a substantial enhancement compared to the baseline.
In the left subfigure, the shapes appear blurry and obscure, making it challenging to
discern the content of the images. Conversely, in the right subfigure, SEDM-G++ produces
images with clear, well-defined shapes and vivid colors, rendering the identity of the
depicted objects readily discernible.

Figure 12.2. Uncoordinated samples from the EDM-G++ baseline (left) and our proposed
SEDM-G++ (right).
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12.2 Heun Solver

We further explore the performance of SEDM-G++ using the Heun 2nd order ODE
solver. We conducted an ablation study on the relation between the weight attributed
to discriminator guidance in the 1st order step of the Heun solver, namely wDG

t,1st , and
the epsilon scaling factor �t = b. Based on the work of Kim et al. [5], we set the 2nd
order discriminator guidance weight, namely wDG

t,2nd equal to zero for all tests. This choice
o�ers optimal sample quality and requires fewer computational resources, as the number
of calls to the discriminator network is practically halved by omission in the 2nd order
corrective steps. In order to reduce the computational needs of our study, rather than
generating a total of 50k samples, we generate 10k samples for each setting and derive
the FID-10k score, which su�ces for the purpose of parameter optimisation [23]. The
results are presented in Fig. 12.3.

Figure 12.3. FID-10k ablation study on DG weight and scaling factor (Heun Solver).

Our observations indicate that the most e�ective discriminator guidance weight values
are 1.67 and 2. Notably, when comparing these two values, we also note that the optimal
epsilon scaling value �t decreases as the discriminator’s weight coe�cient increases.
We further delve into the performance of the best-performing wDG

t,1st values through a
comprehensive study, by generating 50k samples for each setting and utilising the proper
FID-50k score to compare. We present our results in Fig. 12.4.
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Our proposed SEDM-G++ outperforms the current state-of-the-art in unconditional
CIFAR-10 image generation, by achieving an FID score of 1.73. The optimal hyperparam-
eters used are �t = 1.0004, wDG

t,1st = 1.67, and wDG
t,2nd = 0. A comprehensive comparison

between SEDM-G++ and other prominent di�usion models is provided in Table 12.1.
Given that our approach is based on the EDM model [14], it maintains a low Number of
Function Evaluations (NFE) at 35 network calls per batch. This figure is significant as it
directly relates to the computational cost associated with the sampling process.

Figure 12.4. FID-50k ablation study on best performing DG weight values (Heun Solver).

Model NFE(#) FID(#)
VDM (Kingma et al., 2021 [27]) 1000 7.41

DDPM (Ho et al., 2020 [12]) 1000 3.17
iDDPM (Nichol & Dhariwal, 2021 [28]) 1000 2.90
Soft Truncation (Kim et al., 2022 [29]) 2000 2.47

INDM (Kim et al., 2022 [30]) 2000 2.28
CLD-SGM (Dockhorn et al., 2022 [31]) 312 2.25

NCSN++ (Song et al., 2020 [3]) 2000 2.20
LSGM (Vahdat et al., 2021 [32]) 138 2.10
EDM (Karras et al., 2022 [14]) 35 1.97
EDM-G++ (Kim et al., 2023 [5]) 35 1.77

SEDM-G++ (ours) 35 1.73
Note: Following the work of Karras et al. [14], we calculate the FID for
di�erent seeds and report the minimum. Kim et al. [5] use random seeds
for FID calculation. Manually calculating the FID of EDM-G++ results in
an FID of 1.75.

Table 12.1. FID-50k performance comparison on unconditional CIFAR-10 image genera-
tion.

An intriguing observation pertains to the fact that the FID gain achieved through
Epsilon Scaling in the Euler sampler is more pronounced compared to the case of the
Heun sampler. This is in line with the observations of Ning et al. [23], who attribute this
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phenomenon to two key factors. Firstly, higher-order ODE solvers, such as Heun solvers,
entail a lower level of truncation error in contrast to Euler 1st order solvers. Secondly,
the corrective steps integrated into the Heun solver serve to mitigate exposure bias by
readjusting the drifted sampling trajectory back to the precise vector field. This is also
evident in Fig. 11.1 and 11.2. In the case of the Heun solver, any prediction error (the root
cause of exposure bias) incurred during each Euler step is rectified during the subsequent
correction step (Fig. 11.2), leading to a reduction in exposure bias. This exposure bias
perspective o�ers a comprehensive explanation for the superior performance of the Heun
solver in di�usion models.
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Conclusion

Di�usion models have emerged as the dominant class of generative models, with
applications in a wide range of tasks. Many recent works have shifted focus to refining
sample quality through improvements in the sampling procedure using pre-trained score
models. Inspired by Generative Adversarial Networks (GANs), Kim et al. [5] introduced
the concept of Discriminator Guidance (DG), utilizing a discriminator network to bridge
the gap between model score and true data score.

We explore the e�ectiveness of Discriminator Guidance in addressing exposure bias
accumulation during the sampling process in di�usion models. Our findings reveal that,
despite notable improvements in sample quality, Discriminator Guidance falls short in
mitigating exposure bias. In response, we introduce SEDM-G++, a novel approach that in-
tegrates a modified sampling technique, incorporating both Discriminator Guidance and
Epsilon Scaling [23]. Applying this method to the pre-trained EDM model, we demon-
strate its consistent ability to enhance sample quality while reducing exposure bias. This
improvement is observed across various ODE solvers, a range of numbers of timesteps
employed, and di�erent hyperparameter settings. Our proposed approach outperforms
the current state-of-the-art, achieving an FID score of 1.73 on the unconditional CIFAR-10
dataset.
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Appendix A

Uncoordinated samples

Figure A.1. Uncoordinated samples using EDM-G++, no Epsilon Scaling, Discriminator
Guidance, Euler solver, 13 steps. FID: 17.08
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Figure A.2. Uncoordinated samples using SEDM-G++, Epsilon Scaling, Discriminator Guid-
ance, Euler solver, 13 steps. FID: 12.28
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Figure A.3. Uncoordinated samples using EDM-G++, no Epsilon Scaling, Discriminator
Guidance, Euler solver, 21 steps. FID: 9.03
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Figure A.4. Uncoordinated samples using SEDM-G++, Epsilon Scaling, Discriminator Guid-
ance, Euler solver, 21 steps. FID: 5.99
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Figure A.5. Uncoordinated samples using EDM-G++, no Epsilon Scaling, Discriminator
Guidance, Euler solver, 35 steps. FID: 5.39
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Figure A.6. Uncoordinated samples using SEDM-G++, Epsilon Scaling, Discriminator Guid-
ance, Euler solver, 35 steps. FID: 3.76
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Figure A.7. Uncoordinated samples using EDM-G++, no Epsilon Scaling, Discriminator
Guidance, Heun solver, 35 steps. FID: 1.77
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Figure A.8. Uncoordinated samples using SEDM-G++, Epsilon Scaling, Discriminator Guid-
ance, Heun solver, 35 steps. FID: 1.73
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