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Diffusion Models [Ho et al., 2020]

x(0) Stochastic Differential Equation x(T)
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score function

where Yt ~ p; and XT_t 2 ‘.

Latent Diffusion Model

We first train a pair of AE (Fy, Dy). Ly maps the images
in R” to a smaller latent shape R?, and we train a diffusion
model s with the encoded images in R?.
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Observation

Diffusion on latent space usually causes the image quality
to decrease in the last few steps of inference, which is not
the case for pixel diffusion.
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Optimal Stopping in Latent Diffusion Models
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Last steps in latent diffusion models actually degrade the im-
age quality, which can be seen in the increasing of the FID

FID Score Comparison

SCore.
Latent
10.5 1 '
10.0 A
9.5 A
O
9.0 A
a
™
8.5 1 '
8.0 - \
)
7.5 - \' .,.".
7.0 ~0-0-
O.8IOO 0.8I25 0.8I50 O.8I75 0.9IOO O.9IZS O.9I5O 0.9I75 1.OIOO
t
Figure 1:CelebA-HQ LDM
Latent
9
* —0— LDM-8
== | DM-4
8- —fe— 32x32x16
7_
N 6
TH
5_
4_
3_
0.I84 O.I86 O.I88 O.I90 0.2.92 0.I94 0.2.96 0.2.98 1.60
t
Figure 2:ImageNet-256 LDM
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Figure 3:Pixel diffusion on CelebA and ImageNet-64

Theoretical Results

e Gaussian Data. Data distribution is centered
D-dimensional Guassian with independent components,
.e. Ddata = N(0,diag(o7, ..., 07)), where
o1 > ...>0p.

* Projected diffusion process. We consider orthogonal
projection matrices PP that map the diffusion process to a
lower dimension as follows

APX, = —w?PX,dt + \/2w2dPW,, PXy~ Pup,

and can be reversed using the following backward diffusion
process

dPE = (w%_tPXJrZw?p_ts p(Pz, T —t))dt+\/ Qw%_thWt.

¢ Training. In this simpler setup with Gaussian distribution,
learning the score boils down to covariance matrix
estimation, and we assume that the estimation is equal to

) = diag(6%,...,0%).

Non-Monotonicity

F ,...,D}, ~ the Fréchet distance

oo d € {l
dF(PJPdE,?O) IS non-increasing with

respect to

<
t.  On the other hand, dF(PJPdXt,YO) is non-
increasing if and only if

Assume that ¥ = diag(c?,...,0%,0,...,0) with the last

D — dy entries equal to 0. Let € € (0,1). Then, there

exists 5d0 c [0, 7] such that with probability 1 — 2dye s,
%

min dF(PJPd/Xt, ?@)

te]0,T]
d'e{l,....D}

<
dp(P P Xy, . X0) =
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Theoretical Results (generalization)

* General Gaussian data and estimation. We now
consider py.t, = N)(0, %) to be a general centered

Gaussian distribution and 3 an estimation of Y.

e Time intervals. We define time steps

Fw) = T — 3 (33 — 45(X)e, + 26Ad2\/6§ - 45(2)eu) |
(1—07)+

() = T — - (6d +45(D)e, + 2641/2+ 45(2)5u)
(1—=63)+ ’

where ¢, = 55 ( /£ 4 D),

Optimal projection given ¢

For d € {1,...,D} and any ¢t € [Ty(u), tg:1(w)], with

probability 1 — 2e™,

i e
d e argmin dp(OP) P,OT X1, X)),
d'e{l,...,D}

Numerical Verification

Experiment 1: Optimal projection given ¢.
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Experiment 2: Optimal stopping time.
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