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Summary

Probability distribution of the objective based on the observed data

{xi}N > P(x) > X

=1  Good Model Good Data

* Machine Learning Methods

—

o Gaussian Kernel Density Estimation

Using existing function to estimate what you do

o Gaussian Mixture Models not know that can best fit your observation

* Deep Learning Methods 7
o Auto-Encoder (AE)
o Variational AE (VAE)
Using learnable function to estimate what you do

o Generative Adversarial Network (GAN) not know that can best fit your observation

o Diffusion Model
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Summary

Auto-encoder based generative modeling
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Encoder-less Generative Modeling

Generator

Z~qyz

Decoder
Y(,6y): Rk > R4
e.g. NN
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Summary — GAN/AE(VAE) shares the same decoder architecture

Auto-encoder based generative modeling

$(-:604): R? > R

Encoder-less Generative Mod;ling

Z~qyz
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Encoder

e.g. NN

Generator

Decoder
Y(,6y): Rk > R4
e.g. NN
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One-step Decoder-based Generation is too Difficult

Gaussian Noise 256x256 (3-channel)

One-shot
Generation

Too difficulty
Standard Gaussian > Target Distribution
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Motivation of Diffusion

Generation by denoising step by step
> Data

551

XT X6 Xs X4 X3 X2 X1

Predicted Ground-truth

Generation by one step Fx) 12 —xll5
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Summary

e Motivation and Introduction of Diffusion

* Forward process of Diffusion

* Backward process of Diffusion

* Backward progressive: x; — x;_4
* Backward one step: x; — x
* Backward noise: x; — €
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Motivation of Diffusion

Generation by denoising step by step

\ 4

Data

XT X6 Xs X4 X3 X2 X1
Predicted Ground-truth
\ /

12 = xe_qllZ = IIF Cee, £) — x4 12

However, how do we obtain {x,}!_,?

KIND
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Motivation of Diffusion

Generation by denoising step by step

Destructing data by adding noise

However, how do we obtain {x,}]_,? — Forward Process

O
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Motivation of Diffusion

Generation by denoising step by step

\ 4

Data

Data <
Destructing data by adding noise

* Forward Process (Data - Noise): Gradually add noise to generate intermediate data

e Backward Process (NOiSC - Data): Learn to denoise the intermediate data and recover back

KIND
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Summary

e Motivation and Introduction of Diffusion

* Forward process of Diffusion

* Backward process of Diffusion

* Backward progressive: x; — x;_4
* Backward one step: x; — x
* Backward noise: x; — €
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Forward Process

Data

Destructmg data by addmg n01se —> N01se
s, 8 s 000 D

X0 X1

q(xq1]x0) q(xz]xq1)

q(xo) q(x1)

q(x2) q(x3) q(xs) q(xs)

q(x;) Data distribution at time step t

q(xe|xe—q1) Transitional distribution at time step ¢

(x)d
N\
o
Py
-/
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Forward Process

Data

il

X0 X1

q(xq1]x0) q(xz]xq1)

q(xo) q(x1) q(x2) q(x3) q(xs) q(xs)

Be € [0,1]

Re-parametric trick (VAE)

q(xelxe-1) Xe ~ N1 = Bexe—q, Pel) Xe =X +/ (1 —ay)e, e € N(0,1)
~ NWaxi—, L —a)l) x =+arxeq+/ (1 —ay)e, e € N(0,1)

12 ()

q(xo) Xo ~N(0, 1)

KIND
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Forward Process

Data Destructlng data by addmg noise —————> N01se
b | e =9 e

q(x1]x0) q(xz|x1)
q(xo) q(x1) q(x2) q(x3) q(x4) q(xs) q(xr)
x1 =+arxo ++/(1 —a1)e €1 ~N(0,I) € ~N(0,I)
X, =[x, ++ (1 — ay)e, A€y + Be;, ~ N(0,(A% + B)I)

Xy = Vaz(Vagxg + (1 — ay)er) + /(1 — ax)e; = Jazarxg +Vaz 1 —ase; ++/(1 — ay)e,

KIND O
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Forward Process

Data Destructlng data by addmg n01se —> N01se
X0 X1
\M_/
q(x1]|x0) q(x2]x1)

q(%o) q(x1) q(x2) q(x3) q(x4) q(xs) q(xr)

Xy = \/a_z(\/a_lxo + /(1 - 0(1)61) + (1 —az)e;, =+Jaza1x9 /a1 —a161 +/ (1 — ay)e;

~N(,I) €, ~N(0,1) Va1 —ae, ++ (1 —ay)e, ~N(0,(1 — ajay)])
AEl + BEZ ~ N(O, (AZ + BZ)I) xz ~ N(\/azalxo,(l - alaz)l)

KIND O
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Forward Process

Data Destructlng dat.a, byl‘addmgnmse —> Noise

q(xq1]x0) q(xz]xq1)

k‘hh 'J

q(xo) q(x1) q(x2) q(x3) q(xs) q(xs)

Xy = \/a_z(\/a_lxo + /(1 - 0(1)61) + (1 —az)e;, =+Jaza1x9 /a1 —a161 +/ (1 — ay)e;
~N(,I) €, ~N(0,1) Va1 —ae, ++ (1 —ay)e, ~N(0,(1 — ajay)])

AEl + BEZ ~ N(O, (AZ + BZ)I) xz ~ N(V azalxo,(l - alaz)l) x3 ~ N(\/ a3a2a1x0,(1 - a1a2a3)1)

KIND
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Forward Process

Data Destructing d e —>
bk FEg FEE b i i '
1 4 - @ 00O
X0 X1 X2 X3 X4 Xs

\M_/
q(x1]x0) q(xz]x1)

q(xo) q(x1) q(xz) q(x3) q(x4) q(xs)
q(xo) xXo ~ N(0,1) xe ~ N (QJ@xo, (1 —a)l)
aCelx)  x~ NW@xen (1 - a)D) @ = [ls=15 = [ls=1(1 = f5)

KIND
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Forward Process

q(xo) Xo ~ N(0,1) x; ~ N (J@xo, (1 — @)l

q(xelxe-1) xe ~ N(Waexe-1, (1 — ag)l) @ = [Is=10s = [Is=1(1 = Bs)
Bs € 10,1]

T = 200

betas = linear beta schedule(T).to(device)
alphas = 1.9 - betas

alpha_bar = torch.cumprod(alphas, dim=@)

print('T:", T

print(*beta range:', float(betas.min{)}, ‘->", floatibetas.max()})
print(‘alpha_bar(8]:*', float(alpha_bar(®]), ‘"alpha_bar{-1):', float{alpha_bar(-1]))

mpLing ¢

dget g_sample(x@, t, noise=None):
£ Sample x © giver X ® at discrete time

if noise 1is None:

noise = torch.randn_like(x0)
a_bar = alpha_bar(t].view(=1, 8,1,1,1
return torch.sqri(a_bar) = x@ + torch.sqrt(l.@ - a_bar) * noise

DENEEER -
DENEEEES -
DENECERES -
DENEEERS -
DENEEEES
E2ENRd T 0 i
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Forward Process

q(*o) Xo ~ N(0,1) xe ~ N (f@xo, (1= @)
q(xel|xe-1) xe ~ N(Waexe-1, (1 — ag)l) @ = [Is=10s = [Is=1(1 = Bs)
Bs € [0,1]

Ay
MR =T
t

Signal Noise Ratio

logio (@e/(1 — @)

—— beta x1.0

0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
t t
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Forward Process

q(xo) Xo ~ N(0,1) x; ~ N (J@xo, (1 — @)l

q(xe|xe—1) xe ~ NVaexe—q, (1 — ap)l) @ = [ls=10s = [s=1(1 = B5)
Bs € [0,1]

¥ Forward proces: parameters t=0 t=10 t=50 t=100 t=199

def linear_beta_schedule(T, beta_start=le-4, beta_end=2e-2): ’ ’ * ’ ’ ‘
return torch, linspace(beta_start, beta_end, T) : ' i ».',I.%»

T = 200

betas = linear_beta_schedule(T).to(device)
alphas = 1.9 - betas

alpha_bar = torch.cumprod({alphas, dim=@)

print(*T:*, T)
print(‘beta range:', float{betas.min{()), ‘=->", floatibetas.max()})
print(*alpha_bar(@]:*, float(alpha_bar(@]}), *alpha_bar{-1]:', float{alpha_bar(-1]))

# Closed-form sampling from gfx_1 x_8)

def g_sample(x@, t, noise=None):
‘ # Sample x_t given Xx_0 at discrete time index t (9..7-1)
if noise 1s None:
noise = torch.randn_Llike(x0)
a_bar = alpha_bar[t].view(=-1, 1, 1, 1) # (B,1,1,1
return torch.sqrt(a_bar) = x@ + torch.sqrt(1.8 - a_bar) * noise

KIND
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Forward Process

q(xo) Xo ~ N(0,1) x; ~ N (J@xo, (1 — @)l

q(xel|xe-1) xe ~ N (aexe—1, (1 —agl) @ = [Is=10s = [Is=1(1 = Bs)
Bs € 10,1]

# ForWard process parameters
def linear_beta_schedule(T, beta_start=le-4, beta_end=2e-2): g; g;

return torch.linspace(beta_start, beta_end, T)

T = 200

betas = linear_beta_schedule(T).to(device)
alphas = 1.9 - betas

alpha_bar = torch.cumprod{alphas, dim=8)

print('T:", T)
print(‘beta range:', float{betas.min{()), ‘=->", floatibetas.max()})
print(*alpha_bar(@]:*, float(alpha_bar(@]), *alpha_bar{-1]:', float{alpha_bar(-1]))

# Closed~form sampling from gix_1 x_8)

det g_sample(x@®, t, noise=None):
‘ # Sample x_T given x_© at discrete time index t (0..7-1
if noise 1is None:
noise = torch.randn_Llike(x0)
a_bar = alpha_bar(t].view(-1, 1, 1, 1) # (B,1,1,1
return torch.sqri(a_bar) = x@ + torch.sqrt(l1.@ - a_bar) * noise

KIND O
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Forward/Backward Process of Diffusion

Generation by denoising step by step

\ 4

Data

Data <
Destructing data by adding noise

* Forward Process (Data - Noise): Gradually add noise to generate intermediate data«

e Backward Process (NOiSC - Data): Learn to denoise the intermediate data and recover back

KIND
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We now can use forward process to obtain data pairs

Generation by denoising step by step

Predicted Ground-truth
\ /

12 = xe_qll3 = N1F Qe t) — x4 13

2
[Ex0~pdata(x),t~U(1,T),xt_1~q(xt_1|x0),xt~q(xt|xt_1)”?(xt: t) — xe—1ll2

KIND
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Summary

e Motivation and Introduction of Diffusion

* Forward process of Diffusion

* Backward process of Diffusion

* Backward progressive: x; — x;_4
* Backward one step: x; — x
* Backward noise: x; — €
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Backward Optimization

Generation by denoising step by step

Predicted Ground-truth
— — Pdata (x)

12 = xe_qllZ = IIF Cees £) — x4 12

e YN —
RLWNWSNV)

=

2
IEx()diata(x)'tNU(l'T)!xt—1~q(xt—1 |x0)'xt~q(xt|xt—1) ”:]:'(xt' t) — xt_l || 2

X0

KIND
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Backward Optimization

Generation by denoising step by step

Predicted Ground-truth
\ /

12 = xe_qllZ = IIF Cees £) — x4 12

2
B o~ Data(E~UAT) 21 ~a(X;_1|X) we~aelxe—p I F Ce £) = Xe—a 2

KIND
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Backward Optimization

Generation by denoising step by step

Predicted Ground-truth
\ /

12 = xe_qllZ = IIF Cees £) — x4 12

2
B o~ Data(E~UAT) 21 ~a(X;_1|X) we~aelxe—p I F Ce £) = Xe—a 2

KIND
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Backward Optimization

Generation by denoising step by step

Predicted Ground-truth
\ /

12 = xe_qllZ = IIF Cees £) — x4 12

. : 2
8" = argmin Exo~pdata(9€),t~U(l,T).Xt—1NQ(xt—1|x0)»xt~CI(xt|xt—1)”Tg (¢, £) — x¢_1l3

KIND
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Generation

Generation by denoising step by step

Fo(x6,6) Fo(xs,5) Fo(xg,4) Fo(xs3,3) Fo(xz,2)

Recursively generate back the original image

KIND O
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Generation

Forward Process

Reverse Process

KIND
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Generation - Problem

Generation by denoising step by step

Fo(x6,6) Fo(xs,5) Fo(xg,4) Fo(xs3,3) Fo(xz,2)

Naive generation (deterministic): repeatedly predict x_{t-1}

* ; — 2
0" = argmin Ex0~pdam(x),t~U(1,T),xt_1~q(xt_1|Xo),xc~q(XtIXt—1)”TQ(xt’ t) — xe-4ll3

KIND
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Generation - Problem

Generation by denoising step by step

00O

Fo(x6,6) Fo(xs,5) Fg(x4,4) Fo(xs3,3) Fol(xz, 2)

. . 2
0" = argmin Ex0~pdata(x),t~U(l,T),xt_1~q(xt_1|x0):xt~Q(xt|xt—1)”gze(xt’ t) — x;1ll3

=
o

=
[

XT

>

Very different
2le|~[clol~InN

imilar

Folxy, t) = E[x,_1]x,, t]

Very s

v/ 1 - average digit + /1 — &@;_; - average noise

BANSECENS -

DESEESEN -
ENNEENE :

BANSNEERS
BNSNEERS .
e~ clo]~ ]

\

<
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Generation - Problem

. . _ 2
0" = argmin IEXONPdata(x)'VU(l,T)'xt—1~Q(xt—1|x0)'xt~Q(xt|xt—1)”‘Te(xt’ £) = xp-ll2

Xp X1 X9 X3 ... ves Xr
| ARRARRRRRE |
= 2
: | pPERRAREA F _
Py=i - o X ,t —_ ]:E Xi_1|X ,t
a ; 0( t ) [ t 1| t ]
T E
> | A e e A e e e |
1 , 1
EZE w,-"ur(U.II)
1 i ) 1 7.
i = - (i
Ezmﬂ 1 = A0 1E + 81— ay IEZE ),
i=1 i=1
early t: average looks like a somewhat meaningful blurry digit
middle t: average looks like a faint mixture of digit shapes
late t: average approaches gray / zero, not a new Gaussian sample

KIND
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Generation - Problem

. . _ 2
0" = argmin IEXONPdata(x)'VU(l,T)'xt—1~Q(xt—1|x0)'xt~Q(xt|xt—1)”‘Te(xt’ £) = xp-ll2

Xp X1 X9 X3 ... ves Xr
| ARRARRRRRE |
= 2
: | pPERRAREA F _
Py=i - o X ,t —_ ]:E Xi_1|X ,t
a ; 0( t ) [ t 1| t ]
T E
> | A e e A e e e |
1 , 1
EZE w,-"ur(U.II)
1 i ) 1 7.
i = - (i
Ezmﬂ 1 = A0 1E + 81— ay IEZE ),
i=1 i=1
early t: average looks like a somewhat meaningful blurry digit
middle t: average looks like a faint mixture of digit shapes
late t: average approaches gray / zero, not a new Gaussian sample
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Generation - Problem

KIND
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Generation - Problem

*x __ : — 2
6" = argmin IExo~Pdata(x),f~U(1;T),xt—1~CI(xt—1|x0);xt~Q(xt|xt—1)”Tﬁ’(xt’ £) = xllz

Xp X1 Xp X3 ... ves

= | AABARABAEE =

- 2

: | BEEBRRRRAEE |. pe _

= . 2 Xe, t) = Elx,_q1|x4, €
= 5 (Xt t) = E[x¢_q|x, ]
z :

> >

Train a neural network to predict the nearly grey image

KIND
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Summary

e Motivation and Introduction of Diffusion

* Forward process of Diffusion

* Backward process of Diffusion

* Backward progressive: x; — x;_4
* Backward one step: x; — x
* Backward noise: x; — €

KIND
kindlab-fly.github.io 3 8 O



Backward Optimization 2

Generation by denoising step by step

O0O0
XT X6 Xs X4 X3 X2 X1
Predicted Ground-truth
\ /

12 — xe—1 115 = 1F (e, t) — x4 15
No randomness

1% — x0ll5 = IF (xp, £) — xoll5

_ ; 2
0" = argmlnIExo~Pdata(X),t~U(l,T),xt~q(Xt|X0)“TQ (xe, ) = xoll2

Given this noisy image and noise level, recover the clean digit.

KIND O
kindlab-fly.github.io 3 9




Backward Optimization 2

— ; 2
0" = argmln[EXoNPdata(x),t’vU(l,T),xtNCI(xt|x0)”TQ (xe, ) = Xoll2

Xt ~ N(O, I) Tg*(xT, t) = .7?0

pred x0 pred x0 pred x0
clean x0 from t=10 from t=100 from t=150

Predict from later time step gives more noisy images
KIND
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Backward Optimization 2

— ; 2
0" = argmlnIExONPdata(x),t'”U(l,T),xt’”CI(xt|x0)”?9 (xe, ) = Xoll2

For Fo:
Xy P Xog P Xr-1 P& P X732 ...

q(xr_11%0)  §(xr_1]%o)

Xt ~ N(\/ﬁ_txo, (1 —ap)l)
Ty — 4/ 0Ty + v 1 — Qe

Inconsistency
since

resample €

SN TN

kindlab-fly.github.io



S
22 ()

-t
<]
[a\EeN] D
—_— N\
- 0 - W —
= . _n_w 3]
_ _ + >
~ — (]
= & ~ S & ey = w
o 2 = =i (<P (<P I
T = 4 =[S - >
o | L £ 2
w IS = d @ e _m.
) - = @ N
! s € il S
o N 5 @)
= ~ I I )
T & & w 5
~
=
- J

argminIExO“’pdata(x):t"’U(l,T):xt~q(xt|x0) 1Fo (xe

o
> < ENERNSEES
~ad %. Ba e f g 3 o ,....” g X
< | e MENE B8 el BN e f AV 3 B 8 B
= N
© pum(
- I :
=¥ .
- > ~
= S |
< = S
s %
is- v 3
~ ol ¢ o}
- S Z



-

i~

%
SENERNECRIN

0
i
S
T 8
w n
0 m
K O
0
E~
x
~ 3
n ~
=) &
= T
(S o >
N 183 5
© =
m T 3
£= T Z
(=B e~ =
o N
ey
= S
S 1
Y. & =
o = 2
S =
== E



Backward Optimization 2

R 1o
~implied - S '
M. = —— 3 &7 ~ all Mae = 73 lecs = =l
T-—-1%= =1
=2
Empirical trajectory advantage of the coherent update

2.007 B fresh noise

1.75 - i coherent eps_hat
4
=
2 1.50 -
e
g 1.25 - .
P 1 . . ’
g l.ﬂﬂ _ MIL‘ = ﬁ Z Iﬂ.f - Iﬂ.t- 1 ﬁ
LLl =2
1)
= 0.75 -
=
1)
£ 0.50 1

0.25 1

D.Uﬂ = _|

noise direction %0 prediction adjacent-step
consistency drift jump
Xt = Xg = X7_1 > Xg = X7_> .- Xp = Xg D €D Xp_1 ™

Both are good

KIND
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Backward Optimization 2 - Problem

— ; 2
0" = argmln[ExONPdata(x);tNU(l.T),xt~CI(xt|x0)||7:9 (e, £) = X0l

t small, easy t large, easy
pred x0 pred x0 pred x0
clean x0 from t=10 from t=100 from t=150

KIND
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Backward Optimization 2 - Problem

— ; 2
0" = argmlnIExONPdata(x),t’vU(l,T).xt~Q(xt|x0)”?9 (xe, ) = Xoll2

t small, easy t large, easy

Direct x0 prediction: reconstruction loss by timestep

N W
ﬁ 10
=
=
ge
At
[
=
Z w
[T
=
o
| .
o noise level
v 10-2 | —®— t=10
= ]
= ] —&— t=50
1 —8— t=100
{ —@— =150
1 == =200
I I | | | |
0 20 40 60 80 100

training epoch

KIND
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Summary

e Motivation and Introduction of Diffusion

* Forward process of Diffusion

* Backward process of Diffusion

* Backward progressive: x; — x;_4
* Backward one step: x; — x
* Backward noise: x; — €

KIND
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Backward Optimization 3

— ; 2
0" = argmlnIExONPdata(x),t'”U(l,T),xt’”CI(xt|x0)”?9 (xe, ) = Xoll2

_ Ty — /Oy T
Fo-(x1,t) = X > &= il

V-

Can we instead directly predict noise?

; 2
0" = a"'gmmIExO~pdata(x),t~U(1,T),e~]\r(0,1)”60 (x¢, ) — €ll

KIND

kindlab-fly.github.io



Backward Optimization 3

— ; 2
0" = argmlnIExo~pdata(x),t~U(1,T),e~]\f(0,l)”69 (xt: t) - 6”2

Ty — /1 —@é

xr ~N(0,1) € = €9+ (x4, t) —> Iy =

LY 4= bl

SNECOEEN
SNEDEES
SNEDEES

KIND
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Backward Optimization 3

— ; 2
0" = argmlnIExo~pdata(x),t~U(1,T),e~]\f(0,l)”69 (xt» t) - 6”2

xr ~N(@0,I) € =¢€g(xt)

. T — 1 —ayé . .
Ty = — . Ty = 4/ 0 1T+ /1 — 3y €

D 805 T ' O3 1 5
Ao R by A Q ]

QAL 0.0 Y e L
XN RNNA OV
LVedh UG @f
CIUAVEVEARSENPENY.
N LR uf

OXPRVBNO T HE
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Backward Optimization 3

— ; 2
0" = argmlnIExo~pdata(x),t~U(1,T),e~]\f(0,1)”69 (xt» t) - 6”2

xp ~N(0,I) € =eg(x,t) = l—a,

Tyl = PB(Int) + \,BE <y & ™~ N(U,I)

KIND

kindlab-fly.github.io



Summary of three backward optimization - 1

_ 2
IExO“’pdata(x):t"'U(l:T):xt—l“'q(xt—l | X0)xe~q(xelxe—1) 1F (e, 1) = xe—all

Naive generation (deterministic): repeatedly predict x_{t-1}

KIND

Forward Process
cat > c#a$t%

Backward Process
cat < c#a$tss

What was the exact previous corrupted string?
Was it "c#a$t", "cas$ts", "c#Hats", ... ?

Xt = X¢t—1

kindlab-fly.github.io



Summary of three backward optimization - 2

_ - 2
0" = argmm]Exo~Pdata(x),t~U(l.T),Xt~CI(xt|x0)”TB (xe, ) = Xoll2

XT ~ N(O,I) TQ*(xT; t) - QZO

pred x0 pred x0 pred x0
clean x0 from t=10 from t=100 from t=150

One-shot
Generation

kindlab-fly.github.io



Summary of three backward optimization - 2

_ - 2
0" = argmln]ExONPdata(x):t“’U(l,T);xt“’CI(xt|x0)”:FQ (xe, ) = Xoll2

XT ~ N(Orl) TQ*(xTJ t) - fO

: . Inconsistency |
Fo- + Foi
Xy P Xo P Xp_1 P X P Xr_p -

q(xr_11%0)  GQrr_1]%o)

xe ~ N (J@xo, (1 — &)

KIND

kindlab-fly.github.io

XT = Xg 2 € 2 Xr_q

Consistency

x¢ ~ N ({ arxo, (1 — ag)l)
Ty = ‘!...-""ET-gI[] 4 1 — e

£ =

Lt — /0L o " -
Ly 1 = Oy 1Ly | 1 0y 1€
1 Xy

~

S




-2
t) _XO”%

argminIExO"’pdata(x):t“’U(l,T)»xt"’q(xt|x0) 1Fo (x

Summary of three backward optimization
9*

:fo

TQ*(xT; t)

xT NN(O,I)

RNV YNNN0
QM LN LA R
Q~>mMO) NNy
MO M™S T HN S
ANl 0o~y ot v N
SeeamIrha—r»
N0 M~ NS
NSNS0 I~~~
ONNIRO~TA ™
*NODON XX OQ

M QM N0 G M~ M
NN M NN N N
N ASASNAM N N
o-N o N I~
ST s OO P
co Wy M N ~0e N N
FA TN o AN WD
— Ao~ n0
N N T N~ N o
M TN NN = oM
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Summary of three backward optimization - 2

_ - 2
0" = argmln]ExONPdata(x):t“’U(l,T);xt“’CI(xt|x0)”:FQ (xe, ) = Xoll2

xT"’N(O,I) Tg*(xT,t) :fo

Forward Process
cat > c#a$t%s

Backward Process

A

cat c#a$t%s

What was the clean string? X¢ = Xg

KIND
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Summary of three backward optimization - 3

_ ; 2
0" = C”"QmmIExO~pdata(x),t~U(1,T),e~]\/‘(0,1)||69 (xe, t) — €ll3

Ty — /1 —@é

m>

xr ~N(0,1) = €g+ (x4, t) —> Iy =

4/ O

L2 ™= bl =]

amp=61.3x

=]

<[~[<[ol~[PN]
<[~[<[ol~[ PN
<[]0l NN]

KIND
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Summary of three backward optimization - 3

: 2
0 = ar.gmlnIExO~pdata(x),t~U(1,T),6~N(0,I)”69 (xt, t) — €l

n . Ly — 1— l:-l'fg £
xr ~N(0,1) € = €9+ (x4, t) —> Iy = =
¢
4 N 4 N
Xt ~ N(O, I) € = 69*(xt, t) gz 1 | T4, xp) :N{ﬁcfmnmﬂ)rﬁtf:’-
. Ly — 1— l:-l'fg £
Tg = :
0 &,
Introduce some noise zo1 = pelzot) +V Bz, 2~ N(O,T)

Ly 1 = 40 1T | 3 1 0y 1€
\_

KIND O
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Summary of three backward optimization - 3

_ ; 2
0" = C””gmmIExO~pdata(x),t~U(1,T),e~]\/‘(0,1)||€9 (xe, t) — €ll3

xp ~N(0,1) €=¢€g:(xp,t) —> o=

D W05 R Ay A o &
AR DAY

'Q‘Q; AEORCIOR S RUS Y o
NONVQ 0N Y -0

Of N R N A O
VebhbUonwhw@
RV ONBIRA N
NN RGNV N
WO veay-8 ——
DA QvVIoMhRho~ AR
P LN N~~~
NPy NTRro N
Wd Mg oaChe=\
BNORNSEHS LYW
AN NG R U RIN g
WHPOC WO LT
SR RO 0 ~Y

e
©
0
=2
)
&
4
Vi
S
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Summary of three backward optimization - 3

_ ; 2
0" = C”"gmmIExO~pdata(x),t~U(1,T),e~N(o,1)||69 (xe, t) — €ll3

xr ~N(0,I) € =¢€g(x4 )

Forward Process
cat > c#a$ts

Backward Process

c#a$t%s

A

cat

Which symbols look like noise?
Answer: #, $, %

KIND
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Summary
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Summary
method NN-M5E  divM5E div/real meanGap  stdGap cover entropy
Al xprev det 8.1223 0.0000 0.8080 ©0.3298 0.5871 1 -8.000
T N0 oD e AT A R LI, Lo
A2 xB fresh 8.1299 @.2566 2.581 0.1117 8.1&77 4 @.538
A2 xB coherent 8.2295 0.5247 1.825 0.8571 0.8554 6 @.759
I T T T e e T S T e L T e g e
A3 eps DDPM 8.1930 @.5187 1.813 9.8194 0.8262 7 @.819

Nearest-real MSE measures whether generated images lie close to the real MNIST manifold:

KIND
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Summary
method NN-M5E  divM5E div/real meanGap  stdGap cover entropy
Al xprev det 8.1223 0.0000 0.8080 ©0.3298 0.5871 1 -8.000
(Al xprev tnolse ...0:1357  e.ee7t ..0.171  B.008E  0.38% e 2 241
A2 xB fresh 8.1299 @.2566 2.581 0.1117 8.1&77 4 @.538
A2 xB coherent 8.2295 0.5247 1.825 0.8571 0.8554 6 @.759
I T T T e e T S T e L T e g e
A3 eps DDPM 8.1930 @.5187 1.813 9.8194 0.8262 7 @.819
Diversity MSE measures spread among generated samples:
2 1 2
Mgy = ———— — ||&; — Zx||5 -
<i<ck<]

Too low suggests collapse; too high suggests noisy/unstructured samples. The notebook also reports |
My,

real ’
div

Ry =

where values near 1 mean the generated diversity roughly matches the real reference batch.

KIND
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Summary
method NN-M5E  divM5E div/real meanGap  stdGap cover entropy
Al xprev det 8.1223 0.0000 0.8080 ©0.3298 0.5871 1 -8.000
T N0 oD e AT A R LI, Lo
A2 xB fresh 8.1299 @.2566 2.581 0.1117 8.1&77 4 @.538
A2 xB coherent 8.2295 0.5247 1.825 0.8571 0.8554 6 @.759
I T T T e e T S T e L T e g e
A3 eps DDPM 8.1930 @.5187 1.813 9.8194 0.8262 7 @.819

Pixel mean gap compares global brightness:

1 L 1 ..
Miean = ﬁ' Zmi.d—mzzxj.&d-

Lower means the generated images have a similar average intensity to real MNIST.

KIND
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Summary

method NN-M5E  divM5E div/real meanGap  stdGap cover entropy
Al xprev det 8.1223 0.0000 0.8080 ©0.3298 0.5871 1 -8.000
T N0 oD e AT A R LI, Lo
A2 xB fresh 8.1299 @.2566 2.581 0.1117 8.1&77 4 @.538
A2 xB coherent 8.2295 0.5247 1.825 0.8571 0.8554 6 @.759
I T T T e e T S T e L T e g e
A3 eps DDPM 8.1930 @.5187 1.813 9.8194 0.8262 7 @.819

Centroid coverage and entropy are a lightweight class-spread diagnostic. Let ¢y be the centroid of real iImages with digit label k. Assign
each generated sample to the nearest centroid:

. - 2
a;, =arg min — ||# —ells.
! kefo,..00 D" 2

Coverage is the number of centroids used:
C=|{k:3a =k}. I

Entropy measures how evenly samples spread across these centroid assignments:

] N
1 1
H e 10 gpk logpe,  Pe H; 1[a; = k|.

Higher coverage and entropy suggest better digit-class diversity, but this is only a rough proxy, not a trained classifier evaluation,

KIND
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