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From diffusion image translation...
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...To zero-shot video translation

Noise sample
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...To zero-shot video translation
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Zero-shot video translation

Issue: adding noise destroys both frame content and inter-frame correlation but pretrained

image diffusion models only learns to recover the content.
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Zero-shot video translation

Issue: adding noise destroys both frame content and inter-frame correlation but pretrained

image diffusion models only learns to recover the content.
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Zero-shot video translation

Random noise

Fixed noise
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Discrete Gaussian noise

Pixels are:
e normally distributed:

pij ~ N(0,1)

= unit variance

* independently sampled:
Pij 4 Dri

= spatially uncorrelated
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Discrete Gaussian noise

Pixels are:
e normally distributed:

pij ~ N(0,1)
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Spatial correlation in warping

t—1 t
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Spatial correlation in warping
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Spatial correlation in warping
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16 How | Warped Your Noise: A Temporally-correlated Noise Prior for Diffusion Models ETH:zurich C_gL ‘



Spatial correlation in warping

Induces spatial correlations!

t—1 t
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Main insight: pixels are areas

A pixel as a discrete point:

. - 0 =xo~NOD
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Main insight: pixels are areas

A pixel as a discrete point:

. QO =xo~N(,1)

. A pixel as an area integral:
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Bl B =) Hig”
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Main insight: pixels are areas

A pixel as a discrete point:

. QO =xo~N(,1)

= A pixel as an area integral:
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Main insight: pixels are areas

A pixel as a discrete point:

QO =xo~N(,1)

. A pixel as an area integral:
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Main insight: pixels are areas

A pixel as a discrete point:

QO =xo~N(,1)

A pixel as an area integral:

XE® ! ! t—1
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Main insight: pixels are areas

t—1 t
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Choice of the underlying signal
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Choice of the underlying signal

spatial correlations
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Choice of the underlying signal

spatial correlations
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Choice of the underlying signal

Desired prope
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Choice of the underlying signal

Reproductive property of normal distribution:

X1~ N(O, 0-12)1 Xy ~ N(Or 0-22)

xlﬂ.xz = X1+XZ~N(O,O-12+O-22)

. continuous white noise field
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Choice of the underlying signal

Reproductive property of normal distribution:

. X1~ N(O, 0-12)1 Xy ~ N(Or 0-22)

Lol =
-_! ! !_- . xlﬂ.xz = x1+x2 N(O 0-1 +O-2)
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Choice of the underlying signal

T
[-noise representation

Reproductive property of normal distribution:

X1~ N(OJ 0-12)1 Xy ~ N(Or 0-22)

x1Jlx2 = x1+x2~N(0,0'12+0'22)
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Choice of the underlying signal

[-noise representation

Reproductive property of normal distribution:

conditional noise
upsampling

X1~ N(O, 0-12)1 Xy ~ N(Or 0-22)

xlﬂ.xz = x1+x2~N(0,012+022)
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Noise warping: from theory to practice

Continuous form:

-

t—1 t
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Noise warping: from theory to practice

Continuous form:

e
Q= | /IVIx) BEEE
xE@ t—1

(noise transport equation)

Discrete implementation:

T XE E:
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extending to long sequences

ise warping

No

frame 3

frame 2

frame 1

frame 0
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extending to long sequences

ise warping
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frame 3
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Noise warping: extending to long sequences

frame O frame 1 frame 2 frame 3
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Results: visualizing the noise

Bilinear interpolation Nearest interpolation J-noise warping (ours)
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Results: visualizing spatial & temporal correlation
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Results: visualizing spatial & temporal correlation

— temporal correlation

~N(0,1)

L Gy
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Results: visualizing spatial & temporal correlation

— temporal correlation

— spatial correlation
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Results: visualizing spatial & temporal correlation

Gy 1L G,

42 How | Warped Your Noise: A Temporally-correlated Noise Prior for Diffusion Models ETH:zurich C:’,L.’.



Results: visualizing spatial & temporal correlation

G]_JJ.GO Gl=G0
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Results: visualizing spatial & temporal correlation
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Results: visualizing spatial & temporal correlation

~N(0,1)

[—noise

— W(Go)
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cov(Gy, G1)

cov(G4,Gy)

Gy 1L G,

G1 = Gy

bilin. warp

[-noise
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Results: photorealistic rendering w/ SDEdit [Meng et al. 2021]

a0 i a0

Random noise Fixed noise | -noise warping (ours)
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Results: photorealistic rendering w/ SDEdit [Meng et al. 2021]
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Bilinear interpolation

Nearest interpolation
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Results: photorealistic rendering w/ SDEdit [Meng et al. 2021]
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PYoCo (progressive)

[Ge et al. 2023]
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[Chen et al. 2023]

| -noise warping (ours)
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Conclusion

e Anovel noise representation dubbed [-noise, that interprets a discrete
noise sample as a d|scret|zed view of an underlying continuous noise field;

e A theoretically-grounded noise tra Wrcr? eqguation tailored to Gaussian
noise and a practical implementation for distribution-preserving noise
warping;

e Showcased improved temporal coherency in zero-shot video translation
tasks using pre-trained diffusion image models.
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Limitations & Future Work

e Can be sensitive to the accuracy of the flow;
e The importance of the noise prior depends on the pipeline chosen;
* Extend the noise prior to larger classes of noises, e.g. latent diffusion;

* Explore new applications of the method.
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Thank you!
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https://warpyournoise.github.io/

