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Example: Stable Diffusion 3



Today’s lecture

• Diffusion basics 

• Extensions and generalizations 

• Flow matching



Diffusion: core idea

• Gradually add noise to an image, learn to de-noise

x0 x1 x2 xT…
…

• Forward process 

• Start with data  

• End with pure noise 

x0

xT

• Reverse process 

• Start with noise  

• Recover data 

xT

x0



Forward and reverse process

• Forward process (fixed) 

•
q(x1:T |x0) =

T

∏
t=1

q(xt |xt−1)

• Reverse process (learned) 

•
pθ(x0:T) = p(xT)

T

∏
t=1

pθ(xt−1 |xt)

x0 x1 x2 xT…
…

q(x1 |x0) q(x2 |x1) q(xT |xT−1)

pθ(x0 |x1) pθ(x1 |x2) pθ(xT |xT−1)



Forward process: Gaussian

•  

• Key property: we can sample  directly from  

•  

•
Where  

• Re-parameterization: , 

q(xt |xt−1) = 𝒩(xt; αt xt−1, (1 − αt)I)

xt x0

q(xt |x0) = 𝒩(xt; ᾱt x0, (1 − ᾱt)I)

ᾱt =
t

∏
i=1

αi

xt = ᾱt x0 + 1 − ᾱtϵ ϵ ∼ 𝒩(0,I)

q(x1 |x0) q(x2 |x1) q(xt |x0)



Noise schedule

• ,  

• Requirements: 

• Start with data:  

• End with noise:  

• Monotonically decreasing

xt = ᾱt x0 + 1 − ᾱtϵ ϵ ∼ 𝒩(0,I)

ᾱ0 = 1

ᾱT ≈ 0

q(xt |x0)



Noise schedule
• Example: linear schedule 

•  

• Example with 

βt = β1 +
t − 1
T − 1

(βT − β1)

β1 = 0.0001, βT = 0.02, T = 1000



Training: preview
• Before we derive things, here’s what training boils down to: 

• Minimize: 

 

• Sample data , timestep , random noise  

• Then we can get  due to reparameterization 

• Network predicts the noise given 

L(θ) = 𝔼t,x0,ϵ [∥ϵ − ̂ϵθ(xt, t)∥2]
x0 t ϵ

xt

xt



Training: ELBO
• Goal: maximize  

• Problem: intractable integral over latents  

 

• Use importance sampling then Jensen’s inequality 

 

• After expanding and rearranging, ELBO decomposes into 3 losses (next)

log pθ(x0)

x1:T

log pθ(x0) = log∫ pθ(x0:T)dx1:T

log pθ(x0) = log 𝔼q(x1:T|x0) [ pθ(x0:T)
q(x1:T |x0) ]

≥ 𝔼q(x1:T|x0) [log
pθ(x0:T)

q(x1:T |x0) ] = ELBO



Training: ELBO
• The ELBO decomposes into: 

 

• Key term: : match the learned reverse step  to the 
posterior . With Gaussians, leads to a simple loss (next)

L = 𝔼q[ DKL(q(xT |x0)∥p(xT))

LT: prior matching

+
T

∑
t=2

DKL(q(xt−1 |xt, x0)∥pθ(xt−1 |xt))

Lt−1: denoising

−log pθ(x0 |x1)

L0: reconstruction
]

Lt−1 pθ(xt−1 |xt)
q(xt−1 |xt, x0)



Training: ELBO
• We can show that  is Gaussian: 

•  

•  

• We use  

• KL between two Gaussians with the same variance 
reduces to: 

q(xt−1 |xt, x0)

q(xt−1 |xt, x0) = 𝒩(xt−1; μq(xt, x0), σ2
q(t)I)

μq(xt, x0) =
ᾱt−1(1 − αt)

1 − ᾱt
x0 +

αt(1 − ᾱt−1)

1 − ᾱt
xt

pθ(xt−1 |xt) = 𝒩(xt−1; μθ(xt, t), σ2
q(t) I)

Lt−1 ∝ ∥μq(xt, x0) − μθ(xt, t)∥2



Data and noise prediction
• We can reparameterize to predict . Key idea: 

•  

•  

• This leads to the data prediction loss 

x0

μq(xt, x0) =
ᾱt−1(1 − αt)

1 − ᾱt
x0 +

αt(1 − ᾱt−1)

1 − ᾱt
xt

μθ(xt, t) =
ᾱt−1(1 − αt)

1 − ᾱt
xθ(xt, t) +

αt(1 − ᾱt−1)

1 − ᾱt
xt

L = 𝔼x0,t,ϵ∥xθ(xt, t) − x0∥2



Data and noise prediction
• We can reparameterize again to predict : 

• Since , we have: 

 

•
 

•
 

• This leads to the noise prediction loss 

ϵ

xt = ᾱt x0 + 1 − ᾱt ε

x0 =
xt − 1 − ᾱt ε

ᾱt

μq(xt, x0) =
1

αt

xt −
1 − αt

1 − ᾱt αt
ϵ

μθ(xt, x0) =
1

αt

xt −
1 − αt

1 − ᾱt αt
ϵθ(xt, t)

L = 𝔼t,x0,ϵ∥ϵθ(xt, t) − ϵ∥2



Data and noise prediction



Training: summary
• Simplified loss:  

 

 

• Intuition 

• Sample a random timestep  

• Add noise to get  

• Train network to predict the noise that was added

Lsimple(θ) = 𝔼t,x0,ε [∥ε − ̂εθ(xt, t)∥2]
t ∼ Uniform{1,…, T}, ε ∼ 𝒩(0,I), xt = ᾱt x0 + 1 − ᾱt ε

t

xt



Sampling
• Recall our reverse process is 

 

•
 

• Start with noise  

• For t = T…0: 

• Run neural network  to get , sample from the 
resulting Gaussian

pθ(xt−1 |xt) = 𝒩(xt−1; μθ(xt, t), σ2
q(t) I)

μθ(xt, x0) =
1

αt

xt −
1 − αt

1 − ᾱt αt
ϵθ(xt, t)

ϵθ μθ



Training and sampling 
summary



Denoising Diffusion Probabilistic Models 
(DDPM)  

[Ho et al 2020]

Images from: https://hojonathanho.github.io/diffusion/ 

https://hojonathanho.github.io/diffusion/


Code example

https://github.com/cmu-l3/anlp-spring2026-code/tree/main/15_diffusion 

https://github.com/cmu-l3/anlp-spring2026-code/tree/main/15_diffusion


From noise to gradients
• Notation: let’s denote the intermediate diffusion steps as: 

• ,  
 
where ,  

• The score of a distribution  is defined to be: 

•  

• Points in the direction that increases the probability of 

zt = atx0 + σtϵ

at = ᾱt σt = 1 − ᾱt

p(zt)

∇zt
log p(zt)

zt



From noise to gradients

• We can show the following: if , then the 
score of the marginal distribution  satisfies: 

•  

• =>  

• Where  is the expected noise,  

•

zt = atx0 + σtϵ
p(zt)

∇zt
log p(zt) = −

ϵ̄
σt

ϵ̄ = − σt ∇zt
log p(zt)

ϵ̄

ϵ̄ = 𝔼x0∼p(x0|zt)[ϵ |zt]

“Tweedie’s 
formula”



From noise to gradients

• Since DDPM minimizes  , the optimal 
 converges to . Hence: 

•  

• Intuition: 

• Predicting which noise was added tells you which 
direction to remove noise 

• And removing noise moves you toward higher 
probability

𝔼x0,t,ϵ∥ϵθ(zt, t) − ϵ∥2

ϵθ(zt, t) ϵ̄ = 𝔼[ϵ |zt]

ϵθ(zt, t) ≈ − σt ∇zt
log p(zt) DDPM implicitly 

learns the score 
function!



Basic diffusion (DDPM) recap
• Define a fixed forward process that gradually 

destroys data with noise 

• Train a neural network to reverse each step (e.g., 
predict the noise) 

• Generate by sampling noise and iteratively denoising 

• Intuitively, the model learns to point to directions of 
higher probability density



Today’s lecture

• Diffusion basics 

• Extensions:

• Guidance 

• Other extensions 

• Flow matching



Conditional generation

• We want to be able to condition on information 

• Example:  

• “Dog” -> diffusion model -> 



Classifier guidance

• Suppose that we have a classifier  

• Recall the connection  

• We can add an additional term using the classifier 
gradient: 

•  

• Now run diffusion sampling using 

pϕ(c |zt)

ϵθ(zt) ≈ − σt ∇zt
log p(zt)

ϵ̃θ,ϕ(zt, c) = ϵθ(zt, c) − wσt ∇zt
log pϕ(c |zt)

ϵ̃θ,ϕ

[Dhariwal & Nichol 2021]



Classifier-free guidance

• Train a single model with and without conditioning 

• Sample with a modified score: 

 

• We can view this as doing classifier guidance with an 
implicit classifier  

• Specifically classifier guidance with the gradient 

ϵ̃θ(zt, c) = (1 + w)ϵθ(zt, c) − wϵθ(zt)

p(c |zt) ∝ p(zt |c)/p(zt)

∇zt
log p(c |zt) = −

1
σt

[ϵ*(zt, c) − ϵ*(zt)]

[Ho & Salimans 2022]



Classifier-free guidance

No guidance Guidance (w=3.0)

[Ho & Salimans 2022]



Example: stable diffusion

Impressionist painting of pittsburgh,  
including its skyline and bridges

realistic photo of pittsburgh,  
including its skyline and bridges

https://stablediffusionweb.com/app/image-generator 

https://stablediffusionweb.com/app/image-generator


Other extensions

Problem Solution Key idea Key references

Pixel space is 
expensive Latent diffusion

Diffuse in an 
autoencoder’s’s 

latent space
Rombach et al 2022

Architecture
Diffusion 

Transformer 
(DiT)

Transformer 
replaces U-Net 
(convolutional)

Peebles & Xie 2022

Stochastic 
sampling

Deterministic 
paths and ODE 

solvers

Deterministic 
sampling, fewer 

steps
Song et al 2021

Slow sampling Distillation
Train a student to 

match the teacher in 
fewer steps

Salimans & Ho 2022

https://arxiv.org/abs/2112.10752
https://arxiv.org/abs/2212.09748
https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2202.00512


The continuous-time view (SDE)
• If we take the number of steps to , we get a stochastic 

differential equation (SDE): 

•  

• A classical result states that this SDE can be reversed in time: 

•

∞

dz = f(t)zdt + g(t)dw

dz = [ f(t)z − g(t)2 ∇zlog pt(z)]dt + g(t)dw̄

Since DDPM’s noise 
predictor estimates the 
score, we can plug it in 

 

∇zlog pt(z) ≈ −
ϵθ(z, t)

σt

[Song et al 2021]

https://arxiv.org/abs/2011.13456


• Probability flow ODE: For any diffusion SDE, there 
is a deterministic ordinary differential equation (ODE) 
whose solutions have the same marginals : 

•

pt(z)

dz = [ f(t)z −
1
2

g(t)2 ∇zlog pt(z)]dt

The continuous-time view (ODE)
[Song et al 2021]

https://arxiv.org/abs/2011.13456


• This view leads to opportunities for better inference 

• Use ODE solvers and related techniques 

• It also raises a question: can we design methods that “flow” 
from noise to data in other ways?

The continuous-time view (ODE)
[Song et al 2021]

https://arxiv.org/abs/2011.13456


• Core idea: learn a velocity that lets you move from one distribution to 
another 

• Design a path that interpolates between  (e.g., noise) and  
(target data distribution) 

• Train model to predict the known velocity along the path 

• To sample, integrate the velocity field from t=0 to 1

p0 p1

Flows and flow matching
[Lipman et al., 2022; Albergo and Vanden-Eijnden, 2022; Liu et al., 2022]

[Lipman et al., 2024]



• Velocity field  

• Flow  defined via the ODE: 

 

• Starting from  (e.g., noise), the flow transports the sample 
along the velocity field 

• If  is chosen correctly, then  is a sample from 
 

• Hence we want to learn 

vt : ℝd → ℝd

ϕt : ℝd → ℝd

d
dt

ϕt(x) = vt(ϕt(x)), ϕ0(x) = x

X0 ∼ p0

vt X1 = ϕ1(X0)
p1 = pdata

v0 ≈ vt

Flows and flow matching



Flows and flow matching
• A natural choice might be: 

 

• Since we don’t know , define a conditional path for each single data point :

• Simple straight line path:  

• Conditional velocity:  

• Loss: 

 

      where .

LFM = 𝔼t,Xt
∥vθ(Xt, t) − vt(Xt)∥2

vt x1

Xt|1 = (1 − t)X0 + tx1

d
dt

Xt|1 = x1 − X0

LCFM = 𝔼t,x1,X0
∥vθ(Xt, t) − (x1 − X0)∥2

Xt = (1 − t)X0 + tx1

Key result:  gives the same optimal  as ! LCFM vθ LFM



Comparison with DDPM

• Flow matching directly learns an ODE with straight paths 
that are easier to integrate in fewer steps



Case Study: Stable Diffusion 3

• Flow Matching: sample 
intermediate time steps more 
frequently 

• Latent: model the latent space 
of a pretrained auto encoder 

• Text: concatenate CLIP text-
encoder vector and T5 
vectors

[Esser et al 2024]

Flow-matching 
variants

DDPM variant





Today’s lecture

• Diffusion basics 

• Extensions: 

• Guidance 

• Continuous-time view 

• Flow matching



Thank you!


