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Dynamics-based generative models in practice

‘Edinburgh from Calton Hill, pointillist style’
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Dynamics-based generative models in practice

‘Edinburgh from Calton Hill, pointillist style’

AlphaFold 3
[Graikos et al., NeurlPS'22]
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Dynamics-based generative models in practice

[Zhang and Gienger, 2024]
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Outline of weeks 8-10

What is a diffusion model, how to understand it from different perspectives,
and where to use it in practice:
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Outline of weeks 8-10

What is a diffusion model, how to understand it from different perspectives,
and where to use it in practice:

» Lecture 8: Diffusion models are hierarchical latent variable models / deep
VAEs
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[Ho et al., ‘Denoising diffusion probabilistic models’]

ATML / deep generative modelling / Lecture 8 / 10.03.2026 Diffusion models | 2/16



Outline of weeks 8-10

What is a diffusion model, how to understand it from different perspectives,
and where to use it in practice:

» Lecture 8: Diffusion models are hierarchical latent variable models / deep
VAEs

» Lecture 9: Diffusion models are score-based models

[Song et al., ‘Generative
modeling by estimating...’
blog post]
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Outline of weeks 8-10

What is a diffusion model, how to understand it from different perspectives,
and where to use it in practice:

» Lecture 8: Diffusion models are hierarchical latent variable models / deep
VAEs

» Lecture 9: Diffusion models are score-based models

» Lecture 10: Diffusion models are continuous-time processes
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[Song et al.,, ‘Score-based
generative modeling. .. "]
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Outline of Lecture 8

» Historical overview
» Review of latent variable models

» Diffusion models as hierarchical generative models
» Evaluation and likelihood estimation
» Latent variable model perspective
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» Historical overview



The principles have not changed much.



Historical overview

» Early ‘90s: proposals to model dynamics in neural activations

» Combined two ideas from statistical physics: neural nets / connectionist models and
diffusion processes / SDEs

COGNITIVE SCIENCE 17, 463496 (1993)

Learning Continuous Probability Distributions
with Symmetric Diffusion Networks
JAVIER R. MOVELLAN
University of California, San Diego

JAMES L. MCCLELLAND
Carnegie Mellon University
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Historical overview

» deep learning revolution (better hardware and algorithms) ...
» 2015: first deep generative model based on diffusion
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Historical overview

» 2020-2021: new training techniques and architectures make diffusion
models competitive

Denoising Diffusion Probabilistic Models
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Historical overview

» 2020-2021: new training techniques and architectures make diffusion
models competitive

Diffusion Models Beat GANs on Image Synthesis

Frafulla Disarivwal® Abix Nichol®
AL Al

prEarulladapana . con Al aeepeanad . oon

ATML / deep generative modelling / Lecture 8 / 10.03.2026 Diffusion models | 4/16



Historical overview
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Historical overview

» Early ‘90s: proposals to model dynamics in neural activations

» Combined two ideas from statistical physics: neural nets / connectionist models and
diffusion processes / SDEs

» deep learning revolution (better hardware and algorithms) . ..
» 2015: first deep generative model based on diffusion

» 2020-2021: new training techniques and architectures make diffusion
models competitive

» 2022—: continued improvements in modeling, efficiency, and applications
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Historical overview

Discrete, compositional, and symbolic representations
through attractor dynamics

Andrew J. Nam* Eric Elmomino
Princeton University Mila, Université de Montréal
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Nikolay Malkin' James L. McClelland
University of Edinburgh Stanford University
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Yoshua Bengio* Guillaume Lajole’
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» Review of latent variable models



Latent variable models

Generative models with latent variables z: To approximate myata by a model
p, model a joint distribution py(x, z) over observed x and latent z to satisfy

= /pg(x7 7) dz & Tgata(X)

z
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Latent variable models

Generative models with latent variables z: To approximate myata by a model
p, model a joint distribution py(x, z) over observed x and latent z

) — [ pulputx | 2) o2

z

‘Ancestral’ sampling of x:
» Sample the latent z from a distribution pg(z).
» Sample x from py(x | z).

ATML / deep generative modelling / Lecture 8 / 10.03.2026 Diffusion models | 5/16



|atent variable models
Generative models with latent variables z: To approximate myata by a model
p, model a joint distribution py(x, z) over observed x and latent z

P — [ (put | 2) ¢z

~ -
—

~

as(21x)
‘Ancestral’ sampling of x:
» Sample the latent z from a distribution py(z).

» Sample x from py(x | z).
The posterior over z, by Bayes' rule (we often approximate it by a g(z | x)):

_ Po(2)pelx | 2) o po(z)pa(x | z)

5/16
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Latent variables ‘encode’ the data

p(x|z)

q(z|x)

The approximate posterior g(z | x) (often a Gaussian in VAEs) stochastically
‘encodes’ the data x into a latent z

ATML / deep generative modelling / Lecture 8 / 10.03.2026 Diffusion models | 6/16



Latent variables ‘encode’ the data

p(x|2)

The approximate posterior g(z | x) (often a Gaussian in VAEs) stochastically
‘encodes’ the data x into a latent z
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VAE latent space explorer
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https://tayden.github.io/VAE-Latent-Space-Explorer/

Latent variables ‘encode’ the data

p(x|2)

a(z])
The approximate posterior g(z | x) (often a Gaussian in VAEs) stochastically
‘encodes’ the data x into a latent 7
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MLE training of latent variable models

Given a dataset {x;}"_;, we want to maximise
e
i

w.r.t. parameters of py(z) and py(x | z).
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MLE training of latent variable models

Given a dataset {x;}"_;, we want to maximise

S tog i) = 3 log [ pu(zps | 2) dz

w.r.t. parameters of py(z) and py(x | z).
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MLE training of latent variable models

Given a dataset {x;}"_;, we want to maximise

S tog i) = 3 log [ pu(zps | 2) dz

w.r.t. parameters of py(z) and pg(x | z).
» Gibbs’ inequality: for any distribution g;(z),

qi(2)

log = Iog/pg(z)pg(x,- | z) dz > /q,-(z) log po(2)po(xi | 2) dz

evidence lower bound (ELBO)

with equality when g;(z) = x pg(z)po(x; | z) (true posterior)
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MLE training of latent variable models

Given a dataset {x;}"_;, we want to maximise

S tog i) = 3 log [ pu(zps | 2) dz

w.r.t. parameters of py(z) and pg(x | z).
» Gibbs’ inequality: for any distribution g;(z),

08 71(+) = 1og [ pa(@)putoi | 2)dz > [ al2)log ”G(Z)pi(j’ =) g,
z z gi\z
evidence lower bound (ELBO)
= log py(x) — KL(a; | )
with equality when g;(z) = x pg(z)po(x; | z) (true posterior)
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MLE training of latent variable models

Given a dataset {x;}"_;, we want to maximise

S tog i) = 3 log [ pu(zps | 2) dz

w.r.t. parameters of py(z) and pg(x | z).
» Gibbs’ inequality: for any distribution g;(z),

log = Iog/pg(z)pg(x,- | z) dz > /q,-(z) log po(2)po(xi | 2) dz

qi(2)
evidence lower bound (ELBO)

= log py(x) — KL(a; | )
with equality when g;(z) = x pg(z)po(x; | z) (true posterior)
» Idea: to maximise log , maximise the ELBO

» ~» EM alg. ("Maximum likelihood from incomplete data” [Dempster et al., 1977])
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Gradient-based EM

Idea: to maximise log , maximise the ELBO

(N log PEEP(Xi | 2) og PO(Z)Po(xi | 2)
/qu( )I g qi(z) EZNQ; I C/i(Z)
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Gradient-based EM

Idea: to maximise log , maximise the ELBO

(N log PEEP(Xi | 2) og PO(Z)Po(xi | 2)
/qu( )I g qi(z) EZNQ; I C/i(Z)

» (Amortised) variational EM: approximate g; with a model g4(z | x;) and
train it to approximate the true posterior (E-step)
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Gradient-based EM

Idea: to maximise log , maximise the ELBO

(N log PEEP(Xi | 2) og PO(Z)Po(xi | 2)
/qu( )I g qi(z) EZNQ; I C/i(Z)

» (Amortised) variational EM: approximate g; with a model g4(z | x;) and
train it to approximate the true posterior (E-step)

> (Gradient-based) M-step: sample z ~ g4(z | x;) and maximise
log pg(z)pe(x; | z) w.r.t. parameters of py(z) and py(x | z)
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Gradient-based EM

Idea: to maximise log , maximise the ELBO

(N log PEEP(Xi | 2) og PO(Z)Po(xi | 2)
/qu( )I g qi(z) EZNQ; I C/i(Z)

» (Amortised) variational EM: approximate g; with a model g4(z | x;) and
train it to approximate the true posterior (E-step)

> (Gradient-based) M-step: sample z ~ g4(z | x;) and maximise
log pg(z)pe(x; | z) w.r.t. parameters of py(z) and py(x | z)

» Intuitively:

P> E-step: learn to encode x into z that explains it well
> M-step: for data x, sample explanation z and learn to recover x from z
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Hierarchical latent variable models

p(zn-1lzn)  p(zn-2|zn-1) p(x|z1)
V4 .. V4

N-1 : 1

ZN
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Hierarchical latent variable models

p(zn-1lzn)  p(zn-2|zn-1) p(x|z1)
V4 .. V4

N-1 : 1

ZN

We want to maximise

log p(x) = |0g/P(ZN)P(ZN1 | zn) - p(z1 | z2) p(x | z1) dz1 - - - dzy
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Hierarchical latent variable models

p(zn-1lzn)  p(zn-2|zn-1) p(x|z1)
ZN ZN—-1 s 4|
- - <~ _ _— ~ ~ - P
q(znlzv-1)  a(zv-1]zv—2) q(z1x)

We want to maximise

log p(x) = |0g/P(ZN)P(ZN—1 | zn) - p(z1 | 22) p(x | 21) dzy - - -

Introduce approximate posteriors q(z, | z,—1);
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Hierarchical latent variable models

p(zn-1lzn)  p(zn-2|zn-1) p(x|z1)
ZN ZN—-1 s 4|
- - <~ _ _— ~ ~ - P
q(znlzv-1)  a(zv-1]zv—2) q(z1x)

We want to maximise
08 p(x) = log [ plen)plan-s | 2u) - plas | ) plx | 20) des - dan

Introduce approximate posteriors q(z, | z,—1); hierarchical ELBO:

p(zn)p(zn-1 | zn) - -- p(x | 21)
q(21 | X) . q(ZN | ZN_1)

log p(x) > Ez, . zy~q(-Ix) ['Og
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Hierarchical latent variable models

p(zn-1lzn)  p(zn-2|zn-1) p(x|z1)
ZN ZN—-1 s 4l X
q(zn|znv-1)  g(zn-1|zn-2) q(z1|x)

We want to maximise

log p(x) = log / p(zn)p(zn-1 | zn)

op(zr | ) p(x | z1) dzy - - - dzpy

Introduce approximate posteriors q(z, | z,—1); hierarchical ELBO:

(zn)p(zn-1 | zn) - - - p(x | 21)

p
log p(x) > E, . zymq(x) [Iog

To train the model given fixed g:

q(21 | X) . q(ZN | ZN_1)

» Sample the latents from g in reverse order: x — z; — -+ — 2z
» Maximise log p in ancestral order w.r.t. parameters of p
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» Diffusion models as hierarchical generative models
» Evaluation and likelihood estimation
» Latent variable model perspective



Diffusion models are deep VAEs with fixed encoder

p(zn—1lzni0) p(zn—2|zn-1;0) p(x|z1;0)
ZNéZN—l PP Z]. 20:X

N~ ~_ - SN~ __ -

q(znlzn-1)  q(zn—1]zv—2) q(z1|x)

» Diffusion models (typically) fix the distributions q(z, | z,—1)
» Typically to adding isotropic Gaussian noise: q(z, | z,—1) = N(2n; Za—1,0214). . . or
variants (next time)
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Diffusion models are deep VAEs with fixed encoder

p(zn-1lzn;0) p(zn—2|zn-1;0) p(x|z1;0)
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Diffusion models are deep VAEs with fixed encoder

p(zn—1]zni0) p(zv—2|zn—1:0 p(x|z1;0)
ZNéZN—l PP Z]. 20:X

N~ ~_ - - S~ __~

q(znvlznv-1)  q(zn-1]zn—2) q(z1]x)

» Diffusion models (typically) fix the distributions q(z, | z,—1)
» Typically to adding isotropic Gaussian noise: q(z, | z,—1) = N(2n; Za—1,0214). . . or
variants (next time)
» Training to maximise log p(x*) for a data sample x":
> Sample the latents from q: x =z ~> 23 ~> -+ ~> 2z
» Gradient step on the likelihood in ancestral factorisation:

log [p(zn; 0)p(zn—1 | zni0) ... p(x | 215 0)]
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Diffusion models are deep VAEs with fixed encoder

p(zn—1]zni0) p(zv—2|zn—1:0 p(x|z1;0)
ZNéZN—l PP Z]. 20:X

N~ ~_ - - S~ __~

q(znvlznv-1)  q(zn-1]zn—2) q(z1]x)

» Diffusion models (typically) fix the distributions q(z, | z,—1)
» Typically to adding isotropic Gaussian noise: q(z, | z,—1) = N(2n; Za—1,0214). . . or
variants (next time)
» Training to maximise log p(x*) for a data sample x":
> Sample the latents from q: x =z ~> 23 ~> -+ ~> 2z
» Gradient step on the likelihood in ancestral factorisation:

log [p(zn; 0)p(zn—1 | zni0) ... p(x | 215 0)]

» Typical assumptions:
» p(z,—1 | z,;0) is Gaussian with mean computed by a NN with
input n, z, and parameters 6

> Its variance is fixed to something related to o2 or o2

n—1
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Diffusion models are deep VAEs with fixed encoder

p(zn—1]zni0) p(zn—2|zn—1; 9) p(x|z1;0)

ZN —=ZN-1 4| 20 = X
A _ - ~ _ _— ~ Y _ -
a(znlzn-1)  q(znv-1lzv—2) q(z1]x)

» Diffusion models (typically) fix the distributions q(z, | z,—1)
» Typically to adding isotropic Gaussian noise: q(z, | z,—1) = N(2n; Za—1,0214). . . or
variants (next time)
» Training to maximise log p(x*) for a data sample x":
> Sample the latents from q: x =z ~> 23 ~> -+ ~> 2z
» Gradient step on the likelihood in ancestral factorisation:

log [p(zn; 0)p(zn—1 | zni0) ... p(x | 215 0)]

» Typical assumptions:
» p(z,—1 | zy;0) is Gaussian (but not always!) with mean computed by a NN with
input n, z, and parameters 0
> Its variance is fixed to something related to o2 or 02_; (but not always!)
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Training a diffusion model on 2D data
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Training a diffusion model on 2D data

o
- Zy 23 Lad Zg I
e
[}
2 S H e ey *
o} S = # . .
e . .
£
e Z 2 z z 2=k
. “ . .
Posterior model o . . g : .
(noising) E | e e % 4 Y,
0]
I &5 Zr 2 I
b o E '-.-‘ v 2 - g
Generative model - Z ; 12 5 %
.. 9
o . = . o
(denmsmg/ 2 [ ; :
reconstruction) & |- R i . %, ;

ATML / deep generative modelling / Lecture 8 / 10.03.2026 Diffusion models | 11/16



Scaling to images

Z5 )
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Scaling to images

Zs

Generating cats with Gaussian p(z,_1 | z,) requires hundreds of steps

» But much fewer if the p distributions are more expressive
e.g., [Xiao et al., ‘Tackling the generative learning trilemma..."]: train the p distributions as GANs!
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First observations

» Noise distribution p(zy) not usually trained (approximately Gaussian)
» The choice of noise schedule (¢,) and number of steps are important (more later!)
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First observations

» Noise distribution p(zy) not usually trained (approximately Gaussian)
» The choice of noise schedule (¢,) and number of steps are important (more later!)

» To maximise
log [p(zn; O)p(zn—1 | zn; 0) - .. p(x | z1;0)]

can randomly sample one of the p(z,_1 | z,; 0) for training
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First observations

» Noise distribution p(zy) not usually trained (approximately Gaussian)
» The choice of noise schedule (¢,) and number of steps are important (more later!)

» To maximise

log [p(zn; O)p(zn—1 | zn; 0) - .. p(x | z1;0)],

can randomly sample one of the p(z,_1 | z,; 0) for training
» Two magic properties to make training efficient:

» Simulation-free training: We can get z,_1, z, from zy = x without all the
intermediate steps (why?)
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First observations

» Noise distribution p(zy) not usually trained (approximately Gaussian)
» The choice of noise schedule (¢,) and number of steps are important (more later!)

» To maximise

log [p(zn; O)p(zn—1 | zn; 0) - .. p(x | z1;0)],

can randomly sample one of the p(z,_1 | z,; 0) for training
» Two magic properties to make training efficient:

» Simulation-free training: We can get z,_1, z, from zy = x without all the
intermediate steps (why?)

» Rao-Blackwellised denoising objective: We can estimate the gradient using just
zp and z, (next time!)

ATML / deep generative modelling / Lecture 8 / 10.03.2026 Diffusion models | 13/16



First observations

» Noise distribution p(zy) not usually trained (approximately Gaussian)
» The choice of noise schedule (¢,) and number of steps are important (more later!)

» To maximise
log [p(zn; O)p(zn—1 | zn; 0) - .. p(x | z1;0)]

can randomly sample one of the p(z,_1 | z,; 0) for training
» Two magic properties to make training efficient:
» Simulation-free training: We can get z,_1, z, from zy = x without all the
intermediate steps (why?)
» Rao-Blackwellised denoising objective: We can estimate the gradient using just
zp and z, (next time!)
» Generalisations may lose one or both magic properties
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Evaluation and tradeoffs

» Evaluation: log-likelihood using
ELBO, or sample-based metrics

ATML / deep generative modelling / Lecture 8 / 10.03.2026
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Figure 4: Sample quality vs sampling time trade-off.

[Xiao et al., ‘“Tackling the generative learning
trilemma. . .’]
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Evaluation and tradeoffs

~@= Lsmpie (Of = Br, mid-training)  =@= Lgmpe (DDIM, mid-training)

> Evaluation: IOg—IikeIihood using —8— Lympie (07 = By, fully trained)  —8— Lsimpie (DDIM, fully trained)
. ~®- Lyybrig {Ours, mid-training)
ELBO, or sample-based metrics N —

» Several tradeoffs in modeling

-®- Lampie (07 = f;, mid-training)

~#— Laimpie (07 = By, fully trained)

. 40.0
choices:
» Number of steps: More steps ~~ 35.0
better samples, but slower training
(but more in two weeks!) and 5
sampling " 5
20.0 1
15.0

102 10?
sampling steps

[Nichol&Dhariwal, ‘Improved denoising. .. "]

ATML / deep generative modelling / Lecture 8 / 10.03.2026 Diffusion models | 14 /16



Evaluation and tradeoffs

» Evaluation: log-likelihood using
ELBO, or sample-based metrics

» Several tradeoffs in modeling

choices:

» Number of steps: More steps ~~
better samples, but slower training
(but more in two weeks!) and
sampling

» Noise schedule: Optimal rate o,
to destroy the signal?
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~®= Lsimple (67 = Br, mid-training)
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[Nichol&Dhariwal, ‘Improved denoising. .. "]
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Evaluation and tradeoffs

» Evaluation: log-likelihood using
ELBO, or sample-based metrics

» Several tradeoffs in modeling
choices:

» Number of steps: More steps ~~
better samples, but slower training
(but more in two weeks!) and
sampling

» Noise schedule: Optimal rate o,
to destroy the signal?

> Model complexity: More
expressive p ~» better samples,
harder to train

ATML / deep generative modelling / Lecture 8 / 10.03.2026
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[Nichol&Dhariwal, ‘Improved denoising. .. "]
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Advantages of the LVM perspective

» Latent diffusion: separate learnt encoder and decoder for zy <+ x (most
large-scale image models work this way)

p p p p(x|z0)

ZN ZN—-1 1 —=2p—> X
x _ — N~ ~x_7
q9 9 q(zo[x)
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Advantages of the LVM perspective

» Latent diffusion: separate learnt encoder and decoder for zy <+ x (most

large-scale image models work this way)

P P P

zN ZN-1 s 1 —> 2

q(z0(x)

") Conditioning|

amanti
May
Text
Repres
entations

-

T8

denoising step  crossattention  switch  skip connection  concat

[Rombach et al., ‘High-resolution image synthesis with latent diffusion models’]
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Advantages of the LVM perspective

» Latent diffusion: separate learnt encoder and decoder for zy <> x (most
large-scale image models work this way)
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Advantages of the LVM perspective

» Latent diffusion: separate learnt encoder and decoder for zy <> x (most
large-scale image models work this way)

» Non-Gaussian noising: Define the g by other means than Gaussian noise
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Advantages of the LVM perspective

>

>

Latent diffusion: separate learnt encoder and decoder for zy <+ x (most
large-scale image models work this way)
Non-Gaussian noising: Define the g by other means than Gaussian noise

Original Foaward De fed Reverse ted

Snow Pixclate Mask Animorph Blur  Noise

[Bansal et al., ‘Cold diffu-
sion. .. "]
ATML / deep generative modelling / Lecture 8 / 10.03.2026 Diffusion models | 15/16



Conclusion and looking forward

Next time:
» The 'second magic property’ and its connection to denoising score
matching

» Mechanics of linear drift-diffusion noising processes

» The magic properties + the right noising process are enough to train a diffusion
model on moderately-sized image data
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Conclusion and looking forward

Next time:

» The 'second magic property’ and its connection to denoising score
matching

» Mechanics of linear drift-diffusion noising processes

» The magic properties + the right noising process are enough to train a diffusion
model on moderately-sized image data

» Conditioning and guidance
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