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Pourquoi une nouvelle théorie ?

5 Nicolas Bonneel
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You probably have a vague idea of how diffusion models work:
progressively add noise to images during training, and learn a model to
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ABSTRACT

We derive a minimalist but powerful deterministic denoising-diffusion model.
While denoising diffusion has shown great success in many domains, its
underlying theory remains largely inaccessible to non-expert users. Indeed,
an understanding of graduate-level concepts such as Langevin dynamics or
score matching appears to be required to grasp how it works. We propose
an alternative approach that requires no more than undergrad calculus and
probability. We consider two densities and observe what happens when
random samples from these densities are blended (linearly interpolated).

We show that iteratively blending and deblending samples produces ran-
dom paths between the two densities that converge toward a deterministic
mapping. This mapping can be evaluated with a neural network trained to
deblend samples. We obtain a model that behaves like deterministic denois-
ing diffusion: it iteratively maps samples from one density (e.g., Gaussian
noise) to another (e.g., cat images). However, compared to the state-of-the-
art alternative, our model is simpler to derive, simpler to implement, more
numerically stable, achieves higher quality results in our experiments, and
has interesting connections to computer graphics.




Pourquoi une nouvelle théorie ?

Diffusion models : how it
works, why it works?
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En fait, on peut faire plus simple
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Instead, to *transform* the "realistic images" manifold into a gaussian
distribution, one needs to progressively blend each input image with a
gaussian. The resulting iterate is just a linear combination of the image at

the previous time step and a gaussian random value.

I = a 1"+ 1 — a gpyq
with EEspieq ™ N(O,l)

a; some parameter (could be constant)
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ABSTRACT

We derive a minimalist but powerful deterministic denoising-diffusion model.
While denoising diffusion has shown great success in many domains, its
underlying theory remains largely inaccessible to non-expert users. Indeed,
an understanding of graduate-level concepts such as Langevin dynamics or
score matching appears to be required to grasp how it works. We propose
an alternative approach that requires no more than undergrad calculus and

probability. We consider two densities and observe what happens when
random samples from these densities are blended (linearly interpolated).
We show that iteratively blending and deblending samples produces ran-
dom paths between the two densities that converge toward a deterministic
mapping. This mapping can be evaluated with a neural network trained to
deblend samples. We obtain a model that behaves like deterministic denois-
ing diffusion: it iteratively maps samples from one density (e.g., Gaussian
noise) to another (e.g., cat images). However, compared to the state-of-the-
art alternative, our model is simpler to derive, simpler to implement, more
numerically stable, achieves higher quality results in our experiments, and
has interesting connections to computer graphics.
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Fig. 1. Ilterative a-blending and deblending. In this example, we map Gaussian noise to cat images. We use a neural network trained to deblend blended
Gaussian noise and cats. By deblending and reblending iteratively, we obtain a mapping between the Gaussian and cat densities.



Blending and Deblending

a-blending a-deblending
(x0,x1) = Xq xg — (x0,x1)
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Fig. 2. Blending and deblending as sampling operations.



lterative a-(de)blending
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Fig. 4. a-(de)blending. Fig. 5. Iterative a-(de)blending



Comment deblend : le learning

(a) learn x and x, (b) learn only x; (c) learn only x, (d) learn x; - x
(X0.X1) = Dy (xq,. ;) xg = Dg (Xa,. o) x1 = Dg (xq,, a¢) X1 — Xg = Dg (Xq,. ;)
Xapy = Xapy = X0 + _ xato_l =x1 + Xatpy = xal+
(1 = ar+1) X0 + ar+1X1 ‘—'f;,* (Xa, — X0) "—ll—f“,—;‘,' (X, — X1) (ar+1 — ar) (x1 — xp)
unstable unstable when a; — () | unstable when a; — 1 stable

Table 1. Variant formulations of iterative a-(de)blending (equivalent
in theory but not in practice).



Comment deblend : le learningd” ?

Blending:
To, = (1 — ay)xg + a2y
(1 — agy1)T0 + Qpy17

Loy
By subtracting :

Lay = Layp = (0475 o th_|_1)(il‘1 o ZE())
Therefore:

Lagrr — Loy — (O‘t o Oét_|_1)(331 o 33())



Learning and Sampling

Algorithm 3 Training

Require: xo ~ po, x1 ~ p1, @ ~ Ujg 1]
Xo = (1 —a)xp+ax
I = ||Dg (xg» @) = (x1 = x0)||?
backprop from [ and update 6

Algorithm 4 Sampling

Require: xg ~ po. T, oy := %
fort=0,..,T-1do

xa,+1 - xa, + (at+l e at) De (xa,,at)
end for
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IADB with analytic expressions or neural networks (nn) for Dy
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Results
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Results et comparaisons
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Results et comparaisons

T=92 T=4 T=8 T=16 T=32 T=128
Cats  DDIM 200.89 3932 22.98 1812 13.66 926
als  TADB 86.68 39.40 17.50 11.15 8.06 6.69

DDIM 177.86 46.58 19.50 11.91 9.23  6.93

CelebA

IADB 108.13 51.79 22.68 1215 7.52 5.6

i DDIM 307.76 104.55 38.58 24.26 2034 16.82
edrooms TADB 238.45 57.60 18.55 14.12 1457 15.93

crpag  DDIM 17454 5853 2092 1101 7.74 _ 6.20

IADB 157.32 50.69 16.74 8.73 6.45 5.61

Fig. 12. Comparing IADB and DDIM. We use the same Gaussian noise to
sample images with IADB and DDIM. We obtain very close images because
the underlying theoretical mappings are the same. IADB achieves better
FID scores w.r.t. the number of steps T than DDIM most of the time.
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esults et comparaisons
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