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@ The initial noise %o affects the style of the generated image = We use our approach to fine-tune SD 1.5 "l to different styles, e.g. anime sketches, or comics images.
=7 %,, so adapting it to the style facilitates style adaptation.
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We compute the style-specific noise parameters pgiye and Zgy,, from o R f
a small set of images of the desired style. We use the fine-tuned faie |
model to denoise the initial noise x;799~N (:ustyle: Zstyle). %1000 Xe67
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Diffusion models never fully corrupt images during training [°-6I: Instead of retraining or fine-tuning %A to remove this bias, we exploit it to our advantage by including a
¥1000 =+/T1000 Xo ++/1 — T1000 € With  xo~p(x) and  e~N(0g, Igxq) signal-leak /@00 ¥ in X190, at inference time, starting generating images from:
~ 0.068x +0.998 ¢ %1000 = /@1000 X + /1 = @1900 € With ¥~ ¢(X) and e~V (04, 14xa)

However, the process of generating images starts with pure noise
X1000~N(04,15%4), oblivious of the signal leak /@400 X, present in
X1000 during training, creating a bias.

With q(x) =V (.ustyle: Zstyle), we exploit the bias to generate images X, in the style we want:
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The diffusion model uses the signal-leak /@1g00 X0 iN 1000 to deduce with ours

the low-frequency information about x,. Using X;000 ~ N (04, Ig%x4)
biases the low-frequency components towards medium values.

At inference time, we can control the low-frequency components of the generated images X, by setting the
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