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Unconditional Generation

Recall: So far we have focused on unconditional generation.

Problem: Sample from

Train: Use e.g., the conditional flow matching objective:

Sample: Simulate the corresponding ODE (or SDE): 

But what about conditional generation?
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Guidance



Unconditional Generation

Unconditional: “Generate an image.”

Conditional: “Generate an image of a cat baking a cake.”

Image source: Scaling Rectified 
Flow Transformers for 
High-Resolution Image Synthesis 
[1]
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Unconditional Generation

Unconditional Unguided: “Generate an image.”

Conditional Guided: “Generate an image of a cat baking a cake.”

Image source: Scaling Rectified 
Flow Transformers for 
High-Resolution Image Synthesis 
[1]
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Guided (conditional) generation

Unguided models: sample from pdata(x).

Guided generation: sample from

x ∼ pdata(· | y),

where y ∈ Y is additional information:

• class label (discrete), e.g. MNIST: Y = {0, 1, . . . , 9}
• text prompt embedding (continuous), e.g. Y = Rdy

Terminology: we use guided for conditioning on y (to avoid

confusion with conditioning on z ∼ pdata).
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Key idea: Guided diffusion model

Key Idea (Guided Generative Model)

A guided diffusion model consists of:

uθ :Rd × Y × [0, 1]→ Rd ,

(x , y , t) 7→ uθt (x | y),

σ : [0, 1]→ [0, 1), t 7→ σt .

Sampling for fixed y :

• Init: X0 ∼ pinit

• Simulate: dXt = uθt (Xt | y) dt + σt dWt

• Goal: X1 ∼ pdata(· | y)

If σt ≡ 0, this is a guided flow model.
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Guidance for flow models: Guided CFM objective

Observation: Fix y and treat the target distribution as

pdata(x | y). Then we can use conditional flow matching loss:

LCFM(θ) = E□
∥∥uθt (x | y)− utargett (x | z)

∥∥2
□ = z ∼ pdata(z |y), t ∼ Unif[0, 1), x ∼ pt(· | z).

Observation: Averaging over (z , y) ∼ pdata(z , y) and

t ∼ Unif[0, 1) gives the guided conditional flow matching loss:

LguidedCFM (θ) = E□
∥∥uθt (x | y)− utargett (x | z)

∥∥2,
□ = (z , y) ∼ pdata(z , y), t ∼ Unif[0, 1), x ∼ pt(· | z).
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   Guided Sampling

Can we do better? At least empirically, the answer is yes…
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Classifier-Free Guidance (CFG)



Motivation: why CFG?

Empirically, purely guided training can yield samples that do not

adhere strongly enough to y .

• Improve perceptual alignment by amplifying guidance at

inference

• CFG is widely used in modern diffusion/flow-based image

models

We illustrate intuition using Gaussian probability paths.
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Gaussian probability paths (recall)

Gaussian conditional probability path:

pt(· | z) = N (αtz , β
2
t Id),

where αt , βt are smooth monotone schedulers with α0 = β1 = 0

and α1 = β0 = 1.

We will connect guided vector fields to guided scores

∇ log pt(x | y).
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Recall the conversion formula from Lecture 5

Proposition (Conversion formula for Gaussian probability

paths)

For pt(· | z) = N (αtz , β
2
t Id),

utargett (x | z) =

(
β2
t α̇t

αt
− βt β̇t

)
∇ log pt(x | z) +

α̇t

αt
x ,

utargett (x) =

(
β2
t α̇t

αt
− βt β̇t

)
∇ log pt(x) +

α̇t

αt
x .

The marginal formula corresponds to the probability flow ODE

viewpoint.
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Guided vector field via guided score

Using the Gaussian conversion form, write the guided vector field as

utargett (x | y) = atx + bt ∇ log pt(x | y),

where

(at , bt) =

(
α̇t

αt
,
α̇tβ

2
t − β̇tβtαt

αt

)
.

Bayes rule (gradient w.r.t. x):

∇ log pt(x | y) = ∇ log pt(x) +∇ log pt(y | x).

So

utargett (x | y) = utargett (x) + bt ∇ log pt(y | x).
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Classifier(-free) guidance scale

Heuristic: amplify the “classifier” term using guidance scale w > 1:

ũt(x | y) = utargett (x) + w bt ∇ log pt(y | x).

Equivalently,

ũt(x | y) = (1− w) utargett (x) + w utargett (x | y).

Key trick: learn both ut(x | y) and ut(x) in one model by

introducing a “null” label ∅ and treating ut(x) = ut(x | ∅).
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Classifier guidance vs. Classifier-free guidance

log pt(y | x) can be viewed as a classifier on noised data. Early

diffusion works used an explicit trained classifier: classifier

guidance.

Classifier-free guidance (CFG) avoids training a separate classifier

by using a single conditional model with label dropping.
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CFG training for flow models

Observation: We may treat the unguided vector field as

conditioned on nothing. But, nothing is something:

utargett (x) = utargett (x | ∅).

CFG-CFM objective: We can train a single model uθt (· | y), y ∈ {Y,∅}
by re-using Lguided

CFM (θ) and occasionally setting y = ∅:

LCFG
CFM(θ) = E□

∥∥uθt (x | y)− utargett (x | z)
∥∥2,

where sampling □ is:

(z , y) ∼ pdata(z , y), replace y = ∅ with prob. η.

t ∼ Unif[0, 1), x ∼ pt(· | z).
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CFG for flow models

Summary (Classifier-Free Guidance for Flow Models)

Guidance scale w > 1:

ũt(x | y) = (1− w) ut(x | ∅) + w ut(x | y).

Train a single network uθt (· | y) with label dropping (η) using

CFG-CFM. At inference: simulate ODE with ũθt (· | y) to increase

adherence to y.
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Figure: CFG on MNIST

Image 
source: lab 
three!

Image 
source: lab 
three!
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Figure: CFG effect on Corgi generation

Figure 1: Effect of classifier-free guidance: w = 1 vs w > 1 (from (Ho

and Salimans, 2022)).
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Guidance for Diffusion Models



CFG for diffusions

Summary (Classifier-Free Guidance for Diffusions)

Define

s̃θt (x | y) = (1− w)sθt (x | ∅) + w sθt (x | y),

ũθt (x | y) = (1− w)uθt (x | ∅) + w uθt (x | y).

Sample by simulating the SDE:

dXt =
[
ũθt (Xt | y) + σ2

t
2 s̃

θ
t (Xt | y)

]
dt + σt dWt .
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Neural Network Architectures



Architecture requirements

We need a neural network for a guided vector field:

uθ : Rd × Y × [0, 1]→ Rd , (x , y , t) 7→ uθt (x | y).

• Low-dimensional toy data: an MLP on concatenated (x , y , t)

can work.

• Images/videos: use specialized architectures in high

dimensions (as MLP is in sufficient in this case).

Two common choices:

• U-Net (Ronneberger et al., 2015)

• Diffusion Transformer (DiT) (Peebles and Xie, 2023)
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Images as tensors

An image is a tensor

x ∈ RCimage×H×W .

Example: RGB images have Cimage = 3.

Videos add time:

x ∈ RT×C×H×W .
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U-Net intuition

U-Net: encoder → bottleneck → decoder, with skip/residual

connections. For example, processing xt ∈ R3×256×256:

• x inputt ∈ R3×256×256

• x latentt = E (x inputt ) ∈ R512×32×32

• midcoder M(·): keeps latent size

• xoutputt = D(x latentt ) ∈ R3×256×256

Common enhancements: attention layers, residual blocks.
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Simplified U-Net architecture

Figure 2: Simplified U-Net architecture (see also the lecture notes).
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Diffusion Transformers (DiT)

DiT replaces convolutions with attention:

• Patchify image into tokens

• Embed tokens and apply transformer blocks (self-attention)

• Condition on y (and time t) via modulation / cross-attention

DiT builds on ViT (Dosovitskiy et al., 2020) and attention

(Vaswani et al., 2017). Stable Diffusion 3 uses a modified,

multi-modal DiT backbone (Esser et al., 2024).
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DiT + CLIP

Figure 3: Left: diffusion transformer overview (Esser et al., 2024).

Right: CLIP contrastive loss (Radford et al., 2021).
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Working in latent space

High-dimensional data can be memory-heavy (e.g. megapixel

images or long videos). A common pattern is to train in the latent

space of a (variational) autoencoder:

• encode data into a compressed latent representation

• train flow/diffusion model on latents

• sample in latent space, then decode to pixel space

This is the basis of latent diffusion models (Rombach et al.,

2022; Vahdat et al., 2021).
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Encoding the guiding variable y

Two steps:

• Embed raw input yraw into a vector (or sequence) y

• Inject y into the model at multiple layers

Cases:

• class labels: learned embedding table

• text prompts: frozen pretrained text encoders (e.g. CLIP

(Radford et al., 2021), T5 (Raffel et al., 2020))
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Feeding the embedding into a U-Net (example)

Inject y ∈ Rdy into an intermediate activation

x intermediate
t ∈ RC×H×W :

y ← MLP(y) ∈ RC , y ← reshape(y) ∈ RC×1×1, x intermediate
t ← x intermediate

t +y .

If y is a sequence (token embeddings), use cross-attention between

image tokens and text tokens.
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Survey of Large-Scale Models



Survey: Stable Diffusion 3 and Movie Gen Video

We briefly examine:

• Stable Diffusion 3 (image generation) (Esser et al., 2024)

• Meta Movie Gen Video (video generation) (Polyak et al.,

2024)

Common themes:

• conditional flow matching + CFG training

• latent space generation via pretrained autoencoders

• transformer backbones with rich text conditioning

30/40



Stable Diffusion 3: key points

Stable Diffusion 3:

• uses conditional flow matching (and CFG training with label

dropping)

• trains in latent space of a pretrained autoencoder (Rombach

et al., 2022)

• uses multiple text embeddings (e.g. CLIP + T5 encoder

outputs)

• proposes a multi-modal DiT (MM-DiT) with attention to

both image patches and text tokens

• largest model: 8B parameters

• sampling: ∼ 50 Euler steps; guidance w ≈ 2–5
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MM-DiT

Figure 4: Multi-modal DiT (MM-DiT) architecture from (Esser et al.,

2024). 32/40



Meta Movie Gen Video: key points

Movie Gen Video:

• data: x ∈ RT×C×H×W (video)

• conditional flow matching with CondOT path + CFG

• trains in latent space of a frozen pretrained temporal

autoencoder (TAE)

• downsampling ratios: T ′

T = H′

H = W ′

W = 8

• transformer backbone with spatiotemporal patchification +

self/cross-attention

• text conditioning: UL2 (Tay et al., 2022), ByT5 (Xue et al.,

2022), MetaCLIP (Lavoie et al., 2024)

• largest model: 30B parameters (Polyak et al., 2024)

33/40



Takeaways

• Guidance targets pdata(x | y) via guided uθt (· | y) / sθt (· | y)

• CFG strengthens conditioning at inference:

ũt = (1−w)ut(· | ∅)+wut(· | y), s̃t = (1−w)st(· | ∅)+wst(· | y)

• Modern image/video models use latent autoencoders +

transformer backbones + rich text embeddings
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