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Context

p(x1, x2, x3, . . . ) = p(x1)
N

∏
i=2

p(xi |x<i)

Generally: Auto-Regressive  
factorization of joint

Auto-Regressive Generation (Next-Token Prediction)
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Problem with Teacher Forcing: Test-Time is OOD!

Next-token prediction

compounding error

Problem: at test time, history is 
generated as well.

This goes OOD quickly and diverges.

Various ways of fixing this have been proposed: 
Professor Forcing (Goyal, Lamb et al. 2016) 

Scheduled Sampling (Bengio et al. 2015, Huszar et al. 
2015)

But never really fixed (though not aware 
of a modern attempt!)
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Why does it work for language?

LLMs generally trained with  
Next-Token Prediction

Text has discrete tokens! Much 
lower-dimensional, and cannot 

“go OOD” on the per-token level!

Some attempts at Video 
Generative Models with next-
token predictions have been 

made (GAIA-1, Hu et al. 2023): 
These work with VQ-VAE latents!
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InferenceTraining
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Current-Gen Video Generative Models are Trained with 
Full-Sequence Diffusion

Sources: Runway, OpenAI
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Full-Sequence Diffusion
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Full-Sequence Diffusion
Training Inference

Examples: SORA, Meta Movie Gen, Diffusion Probabilistic Modeling for Video 
Generation, [Yang et al. 2022], Video Diffusion Models [Ho et al. 2022]
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Dominant Paradigm: Full-Sequence Diffusion with DiT

DiT: Peebles et al. 2022, Figure: History-Guided Video Diffusion
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This noise combination is 
OOD!

Problem: How to extend video?

How to model 
?p(x5, x6 |x1, x2, x3, x4)
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Possible Solution: Feed in History Frames via Encoder

Still limited: Can only do *fixed-length* context…

[Peebles & Xie 2023, Bao et al. 2023, Rombach et al. 2022]





Let’s really think about noise as masking

Two axes of  
sequence generation
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Hidden

Outputs

Inputs

zt = f(zt−1, xt)

xout
t = g(zt)

xout

z

x
time time

Transformers

Hidden

Outputs

Inputs

xout

z

x

Sequence NN Architectures
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Auto-Regressive Sampling

Transformer

However, as before, 
this combination of 
noise levels is OOD 
for a full-sequence 
diffusion model…
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Diffusion 

Diffusion Forcing

Key Idea: Train the model to 
denoise frames with random 
combinations of noise levels!

Over time, the model sees every 
possible combination of noise 

levels

This generalizes both auto-
regressive sampling and  
full-sequence diffusion

[Chen et al. 2024, Song and Chen et al. 2024]



Training Prediction

Diffusion Forcing

Note: Can again be trained with either 
transformers or RNNs…



Before: Conditioning Frames Fed in Separately
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Now: Single “Diffusion Forcing Transformer” (DFoT)

Just a transformer where each 
frame gets different noise levels at 

training time
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Diffusion Forcing enables straight-forward Auto-
Regressive Sampling

Transformer
This combination of 
noise levels is not 

OOD anymore!
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Naive auto-reg rollout diverges: Accumulates Error

Autoregressive Sampling compounds error 

Why? Model “trusts” context as GT  
(b/c that’s how it’s trained) but at sampling time, 

context is generated, too!



Solution: Feed in *slightly noisy* past
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Insight: “History Frames” are Conditioning 
Variables for Target Frames!

Target Frames History Frames

Special situation: 
History is variable-length

Can we do guidance with history frames?
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Insight: As Before, we can “switch off” conditioning simply 
via adding noise!

Transformer

Sampling from
p(x1, x2, x3, x4)

Unconditional model!
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Insight: Image Power Spectra Follow Power-Law
Sander Dieleman: Diffusion is spectral autoregression

https://sander.ai/2024/09/02/spectral-autoregression.html
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What happens when we add noise?

For signals that have a power-law structure in the spectral density, 
adding noise is like low-pass filtering!



Fractional History Guidance

Essentially performs guidance with “blurred” history!
Helps with the curse of dimensionality: The more history frames, the less 

support in training data. But more support for blurry frames!
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Example: RNN Implements Full-Seq. Diffusion

RNN or causal (masked) Transformer

Models p(x1, x2, x3, x4)

By design a  
causal factorization

Benefit: Can be  
faster & cheaper 
(fewer flops per 
denoising step)

But hard to train in 
practice…
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Key Takeaway: Controlling conditionals via masking in 
sequence generation

Transformer

Time dimension  
is unlike spatial ones

Generating sequences 
requires carefully 

controlling what we 
condition on

“Noise as masking” + 
Diffusion is a 

straightforward way of 
doing so

Sequence Diffusion also has other unique benefits,  
as we will see in the last module of the class!


