Classifier-Free Diffusion Guidance
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Diffusion Models for Image Generation

Strengths:

Distribution coverage, stationary training objective, easy scalability
Weakness:

Lags behind GANs on difficult generation datasets like ImageNet

Fixed forward diffusion process

Data Noise

Generative reverse denoising process

Denoising Diffusion Probabilistic Models, NeurlIPS 2020



Classifier Guidance

How to condition diffusion models on class labels?

I sg(x¢,t,y) = Vliogp(x¢|y) Viog p(x:|y) = Vlog (p(iﬂt;];;?);\&:t))
. O\ Conditional Score = Vlog p(z:) + §10gp(y‘$t) ~ Vlog ply)
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Diffusion Models Beat GANs on Image Synthesis, NeurIPS 2021 Trained c|as;5ifier




Limitations of Classifier Guidance
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Classifier-Free Guidance

Vlog p(z¢|y) = Viog p(x;) + vV log p(y|z:)
Vlog p(ylx:) = Vlog p(x:|y) — V log p(x+)
Vlog p(z¢|y) = Vieg p(x;) + v (Vg p(x:|y) — Vlog p(z;))
= Vlogp(z:) +yVlog p(@i|y) — vV log p(x¢)
=V 1Ugf($t\yl+£1 - ’r)‘?’jﬂg p(x:)

conditional score unconditional score




Algorithm: Training

Algorithm 1 Joint training a diffusion model with classifier-free guidance

Require: p,,cond: probability of unconditional training

1: repeat

2: (x,¢) ~ p(x,c) > Sample data with conditioning from the dataset
3 c + & with probability punconda > Randomly discard conditioning to train unconditionally
4 A~ p(A) > Sample log SNR value
5: e ~ N(0,1)

6: Z) = )X + O)\€ > Corrupt data to the sampled log SNR value
7 Take gradient step on Vy ||€s (2, ¢) — €| > Optimization of denoising model
8: until converged
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Algorithm: Inference

Algorithm 2 Conditional sampling with classifier-free guidance

Require: w: guidance strength
Require: c: conditioning information for conditional sampling
Require: A,,..., Ap: increasing log SNR sequence with Ay = A in, A1
1. Z7 ~ .J'"l.""(ﬂ, I)
2. fort=1,...,T do
> Form the classifier-free guided score at log SNR A,
3: € = (1 +w)eg(zs, c) — weg(z;)
> Sampling step (could be replaced by another sampler, e.g. DDIM)
X; = (2; — 05, &)/,
Zer1 ~ Ny, )0, (2, Xe), (&itJrlMt)l_”[JEEMHL}’”) ift < Telsezi 1 =Xy
end for
return z;
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Comparison with Classifier Guidance
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Visualizations




Limitations of Classifier-Free Guidance

Low guidance (w = 0.5) High guidance (w = 7.5)

High diversity, sometimes ambiguous More class-distinctive, less diverse

Conditional denoiser

Condition g
Noisy sample : Cl —> I ] l -
atstep ¢ &8 dlass o a— .
S p = or text) — Classifier-free guidance
! Denoiser (e.g., UNet) €cond combination

A

€ = €Eyncond T w(econd = euncond)

Updated sample
atstept—1

J

Unconditional denoiser
g w: guidance scale
. @ High Null gmamm || e N

guidance scale w condltlon —5 I B I — e

A aige . Lo Increased guidance
Class distinctiveness / 8 (empty)

sample fidelity {Q:Sk: P Denoiser (e.g., U-Net) €uncond

(sharper, more faithful). \ J
v

Relative Very high guidance
performance can worsen FID 2 forward passes pel' Step
(tendency) f (e.g., due to - - .
¥ | mode collapse). (two denoiser evaluations per timestep)

Diversity kD

- (tendency)

__________________ ‘ Sampling Cost

Low Guidance scale High

Fidelity-Diversity Tradeoff



Q&A

- Since €(z, c) — €(z) is not the gradient of any real classifier, why does it still work so
well as a guidance direction? Is there a theoretical explanation?

- How should we choose the guidance strength in practice since increasing it
improves some metrics but can reduce diversity and make the samples less varied?



Thank You!
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