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Another type of generative models. What do they have to do with Bayes?

1. Forward diffusion process: gradually adding noise to samples


2. Reverse diffusion process: recreating the sample from noise


3. Heavily relying on conditional probability and Bayes theorem in particular 

Denoising Diffusion Probabilistic Models (DDPM)
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Forward diffusion process

Let  be a real data distribution.


We produce a sequence of noisy samples  


Noise steps controlled by a variance schedule 





As  is equivalent to a Gaussian distribution

x0 ∼ q(x)

x1, …, xT

{βt ∈ (0,1)}T
t=1

q(xt |xt−1) ∼ 𝒩(xt; 1 − βtxt−1, βtI), q(x1:T |x0) =
T

∏
t=1

q(xt |xt−1)

T → ∞, xT
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Reverse diffusion process

If we reverse the above process and sample from , 


we can recreate a sample from 


We need to estimate . We do it with another probability density function 


q(xt−1 |xt)

xT ∼ 𝒩(0,I)

q(xt−1 |xt) pθ



Reverse diffusion process

If we reverse the above process and sample from , 


we can recreate a sample from 


We need to estimate . We do it with another probability density function 





q(xt−1 |xt)

xT ∼ 𝒩(0,I)

q(xt−1 |xt) pθ

pθ(x0:T) = p(xT)
T

∏
t=1

pθ(xt−1 |xt),



Reverse diffusion process

If we reverse the above process and sample from , 


we can recreate a sample from 


We need to estimate . We do it with another probability density function 





Which is learned via a neural network (  are the parameters of NN)!


q(xt−1 |xt)

xT ∼ 𝒩(0,I)

q(xt−1 |xt) pθ

pθ(x0:T) = p(xT)
T

∏
t=1

pθ(xt−1 |xt), pθ(xt−1 |xt) = 𝒩(xt−1; μθ(xt, t), Σθ(xt, t))

θ



Reverse diffusion process

If we reverse the above process and sample from , 


we can recreate a sample from 


We need to estimate . We do it with another probability density function 





Which is learned via a neural network (  are the parameters of NN)!


Important:  tractable!

q(xt−1 |xt)

xT ∼ 𝒩(0,I)

q(xt−1 |xt) pθ

pθ(x0:T) = p(xT)
T

∏
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θ

q(xt−1 |xt, x0) ∼ 𝒩(xt−1; μ̃(xt, x0), β̃I)
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1 − ᾱt−1

1 − ᾱt
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1
ᾱt

(xt − 1 − ᾱtεt)
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Bottom line: what we are doing is predicting the noise! Unet architecture is used for that



Parametrization of βt

Typically a sequence of linearly increasing constants: e.g. from  to  
β1 = 10−4 βT = 0.02



Parametrization of βt

Typically a sequence of linearly increasing constants: e.g. from  to  


Can be fixed (not learnable)

β1 = 10−4 βT = 0.02



Parametrization of βt

Typically a sequence of linearly increasing constants: e.g. from  to  


Can be fixed (not learnable)

β1 = 10−4 βT = 0.02

Parametrization of reverse process variance Σθ



Parametrization of βt

Typically a sequence of linearly increasing constants: e.g. from  to  


Can be fixed (not learnable)

β1 = 10−4 βT = 0.02

Parametrization of reverse process variance Σθ

Can also be fixed , where  is set to be a function of 
Σθ(xt, t) = σ2
t I σt βt



Parametrization of βt

Typically a sequence of linearly increasing constants: e.g. from  to  


Can be fixed (not learnable)

β1 = 10−4 βT = 0.02

Parametrization of reverse process variance Σθ
Can also be fixed , where  is set to be a function of 


Alternative ,  is learnable


Σθ(xt, t) = σ2
t I σt βt

Σθ(xt, t) = exp(v log βt + (1 − v)log β̃t), β̃t =
1 − ᾱt−1
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v



Parametrization of βt

Typically a sequence of linearly increasing constants: e.g. from  to  


Can be fixed (not learnable)

β1 = 10−4 βT = 0.02

Parametrization of reverse process variance Σθ
Can also be fixed , where  is set to be a function of 


Alternative ,  is learnable


Hence, the loss ,  is small  and  only guides the training of 

Σθ(xt, t) = σ2
t I σt βt

Σθ(xt, t) = exp(v log βt + (1 − v)log β̃t), β̃t =
1 − ᾱt−1

1 − ᾱt
v

L = Lsimple + λLVLB λ ∼ 0.001 LVLB Σθ

(In  stop gradient with respect to )LVLB μθ
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The score of each sample’s  probability density function is defined as x ∇xlog q(x)

Langevin dynamics can sample data points from a probability density distribution using only the 
score  in an iterative process.∇xlog q(x)

Score network sθ(xt, t) ≈ ∇xlog q(x)

If x ∼ 𝒩(μ, σ2I), ∇xlog p(x) = ∇x(−
1

2σ2
(x − μ)2) = −

x − μ
σ2

= −
ε
σ

, ε ∼ 𝒩(0,I)

q(xt |x0) ∼ 𝒩( ᾱt x0, (1 − ᾱt)I)

And therefore sθ(xt, t) ≈ ∇xt
log q(xt) = Eq(x0) ∇xt

q(xt |x0) = Eq(x0)[−
εθ(xt, t)

1 − ᾱt
] = −

εθ(xt, t)
1 − ᾱt



Guided diffusion

- We have additional input  (a class label in classifier guided diffusion)


- We want to model a conditional distribution  instead

y

p(x |y)

Conditioned on dogs
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Classifier guided predictor 


Where  is the strength of the guidance

ε̄θ(xt, t) = εθ(xt, t) − 1 − ᾱtw∇xt
log fϕ(y |xt)

w
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- If noise-robust might be inefficient: most of the information on  is irrelevant to x y
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Classifier free guidance

- Train a diffusion model  with conditioning dropout: conditional information is 
removed some percentage of the time


- Resulting model can be conditional  and unconditional 


- No need for a separate classifier!

p(x |y)

p(x |y) p(x)
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ε̄θ(xt, t, y) = εθ(xt, t, y) − 1 − ᾱtw∇xt
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Hence, analogously to the case of classifier guided diffusion

∇xt
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, where  parametrises εθ(xt, t, y) p(xt |y)
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