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Previously, We Model the 4D World by Observing
Monocular Videos

Input video

& L2

Fixed Time, View Interpolation Fixed View, Time Interpolation




We Inferred the Past Motion of an Observed Object...
How About the Future Motion of the Object?




Unfortunately, the Future is Not Unique. We May
Have Multiple Plausible Futures

Nosedive

Faceplant

Prat fall

Squat




Some Futures are “More Plausible” than Others

Nosedive

<
<

i Faceplant
|

Prat fall

Squat




An Analogy of Image Classification and Generation

cat

dog cat




An Analogy of Image Classification and Generation

Discriminative (Generative
« Sample “X" — Label *y" « Label"y" - Sample “X"
« One desired output «  Multiple possible outputs
cat
X v




Discriminative vs. Generative Models

discriminative p(y|z) generative p(z|y)

p(z|y = 0)

p(zly =1)

10



Discriminative vs. Generative Models

 Discriminative models to be generative: Baye's rule

p(y|x) = p(x|y

Prior distribution of label “y”

y2)

7 (e.g. uniform distribution)

p(x)

N\« Prior distribution of sample “X”

Generative models to be discriminative:

p(x|y) = p(y|x) ——= o

11

p(x)
y)

(e.g. constant for every "x")



Generative Models are Implicitly Discriminative Models

Text conditioning c:

a photo of a {class name} Classification Objective

argmin (Eq ¢[[|eg(x¢, ¢) — €[|?])
(£

2

Input Image x Improve pre-trained image classifiers by minimizing diffusion loss at test-time

:
Q Q

X;  Diffusion Model €p
Sample ¢t ~ [1,T] SO . !

= A I T
Backprop Test-time Adaptation Steps
= Predicted Top-5 Class Probabilities Probability of Correct Class Label
- 1.0 V6
tran:
§ 0.84 8

Ground Truth Image Predicted Image Diffusion Loss

.08
Pre-trained Discriminative 8
Model Condmon c 3
odel f, 2061 2061
g 5
Backprop Diffusion Loss S8 B
%) S S 041
£0.4 &
kS
Backpmp 2 02
9 s aasass 0.2
0.04+— : : : .
o 1 Z, 30 4 5
’ sea lion drake goose killer whale  king penguin Test-time Adaptation Steps
Noise € Noisy x S o Predicted Actual €
| Model ¢ Noise € .

Diffusion-TTA: Test-time Adaptation of Discriminative Models via

Generative Feedback. Prabhudesai et al. 12



Generative models w/ probabilistic modeling

data Pl

Y 4B
'

13



Generative models w/ probabilistic modeling

data e
e « (Capture the probabilistic
— ™ distribution of training with
the model
distribution

of data

14



Generative models w/ probabilistic modeling

data
distribution * Optimize a loss function
of data
LA, M)
estimated
distribution

of data

15



Generative models w/ probabilistic modeling

data
distribution
of data
sample new “data”
estimated 2~ p(a;\y)
distribution

of data

16 Slide credit Kaiming He



Generative models w/ probabilistic modeling

data

distribution
of data

estimated
distribution
of data

17

estimate prob density

p(zly) =7

Slide credit Kaiming He



Probabilistic Models Differ From Regression Models

—>

Deterministic

predicts the same output
given the same input

} ypred

Ypred _argmln Z 1|ypred
Ypred

p(ylo)

Yp ed

Probabilistic

predicts the same likelihood of all
output given the same input

0 9} q(ylo)

q*(ylo) = argmin Dy, (q(ylo), p(ylo))
q

a*(ylo)]
p(ylo) I I

18



How to Model Probabilistic Distribution?

Gaussian
Predict the mean and
standard deviation to model
the probability of sample “x”
VAE, Diffusion models etc

Mean u

INnput —>
Std o

19

Categorical
« Predict the categorical
probability of sample “X"
* Most LLMs etc

Logit x4
INput —>

Logit x,

Logit x,,

p(x) I
- A
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What are Common Generative Models?



Generation Can be Considered as Modeling Joint

Once

time

Distribution

» Jext generation:
p(word1l = Once, word2 = upon)
* Image generation:
p(pixell = red, pixel2 = green)
e Joint distribution of data:
p(x1 = X1,x2 = X2)
» How to model this?

22



Generation Can be Considered as Modeling Joint

Once | | upon a

time

b | [ ] |
JNEEEN
el [ ][ |
I NEEEN
'HEENE

l..<
|

ZeEElNES™YE
[ 111 |5
ot | [ [ [ [N

=
AUEEEEE N

N
IIE 2

AZIEECEEE TN
e ] [T ]

HTNEEEEEEran

=
T 0=
h\"_‘.‘-u

=Y

Distribution

» Jext generation:
p(word1l = Once, word2 = upon)
* Image generation:
p(pixell = red, pixel2 = green)
e Joint distribution of data:
p(x1 = X1,x2 = X2)
» Modeling as independent distributions
p(x1,x2) » p(x1)p(x2)
» Modeling as conditional distributions
p(x1,x2) - p(x1)p(x2|x1)

23



Conditional Distribution Modeling

Chain rule:

Any joint distribution can be written as a product of conditionals
p(4, B, C) = p(A)p(B | A)p(C'| A, B)

24



Conditional Distribution Modeling

Chain rule:

Any joint distribution can be written as a product of conditionals
p(4, B, C) = p(A)p(B | A)p(C | A, B)

p(A=car)

p(A=Dbus)

25



Conditional Distribution Modeling

Chain rule:

Any joint distribution can be written as a product of conditionals
p(4, B, C) = p(A)p(B | A)p(C | A, B)

p(B=dark | car)

p(B=light | car)

p(B=dark | bus)

p(B=light | bu%



Conditional Distribution Modeling

Chain rule:

Any joint distribution can be written as a product of conditionals
p(4, B, C) = p(A)p(B | A)p(C | 4, B)

. . p(C=new | dark car)

. p(B=dark | car) . p(C=old | dark car)

p(A=car) . . p(C=new | light car)

. p(B=light | car) . p(C=old | light car)
. . p(C=new | dark bus)

. p(B=dark | bus) . p(C=old | dark bus)
p(E8IE) . . p(C=new | light bus)

p(B=light | bus) . p(C=old | light bus)



Conditional Distribution Modeling

Chain rule:
Any joint distribution can be written as a product of conditionals

in any order: p(A, B, C) = p(A)p(B | A)p(C | A, B)

28



Conditional Distribution Modeling

Chain rule:

Any joint distribution can be written as a product of conditionals
in any partition: p(A, B, C, D) = p(A, B)p(C, D | A, B)

= p(C, D)p(A, B | C, D)
=p(A, B, C)p(D | A, B, C)

29



Categorize Generation Models by the Way of Modeling
Conditional Distributions

 Condition on data partitions: Autoregressive models
p(X1'X21 an) = p(Xl)p(X2|X1) p(Xn|X11X2J JXn—l)
« Condition on latent variables: VAE, Diffusion models

p(Xl) XZ) Ty Xn) — p(z)p(xl) XZ) Yy anz)

with p(z) = p(z,)p(z2121) - P(zn 21,22, Zn—1)

30
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AutoRegressive Models

« Condition on data partitions:

p(X1,X,**, Xn) = p(x)p(Xz|x1) -  p(Xp X1, X2, =+, Xp—1)

32



AutoRegressive Models

 Condition on data partitions:
P(X1,X2, . Xn) = p(X1)p(X21X1) - P(Xn X1, X2+, Xpn—1)

= po (x1)pg (X2]X1) - Po (Xn X1, X2, ) Xpn—1)

An inductive bias that shares models among
different mapping

33



AutoRegressive Models

 Condition on data partitions:
P(X1,X2, . Xn) = p(X1)p(X21X1) - P(Xn X1, X2+, Xpn—1)

= po (x)pg (x5 ]x1) - po (%1, %5, -+, X - 1)

An inductive bias that shares models
among different mapping

What kind of model architectures can
handle these different mappings?

34



Common Architectures for Autoregression

RNN CNN Attention

35



Discrete Autoregressive Transformer are Categorical
Probabilistic Generative Models

I O I_> GPT-4.5

once old -« hello

I'm going through a tough time after failing a test

@ Aw, I'm really sorry to hear that. Failing a test can feel

*‘ ¢ pretty tough and discouraging, but remember, it's just one
G e I I l I I I I moment—not a reflection of who you are or your
A

capabilities. Want to talk about what happened, or do you

just need a distraction? I'm here either way.

N

Tell | |me | |a]| |joke

36



Discrete Autoregressive Transformer are Categorical
Probabilistic Generative Models

I O I_> GPT-4.5

once old -« hello

I'm going through a tough time after failing a test

@ Aw, I'm really sorry to hear that. Failing a test can feel
pretty tough and discouraging, but remember, it's just one
moment—not a reflection of who you are or your
capabilities. Want to talk about what happened, or do you

just need a distraction? I'm here either way.
A A A A A

Tell | |me | |a]| |joke | | Once

37



Discrete Autoregressive Transformer are Categorical
Probabilistic Generative Models

O I B, GPT45

once - upon hello

Once U pOﬂ I'm going through a tough time after failing a test

T

@ Aw, I'm really sorry to hear that. Failing a test can feel

*‘ ¢ pretty tough and discouraging, but remember, it's just one
G e I I l I I I I moment—not a reflection of who you are or your
A

capabilities. Want to talk about what happened, or do you

just need a distraction? I'm here either way.

N

Tell | |me | |a]| |joke

38



Discrete Autoregressive Transtformer Can Also
(Generate Images / Videos

Text Embedding
HT m =

Text

A bear riding a bicycle, A high contrast portrait photo

with a bird perched on of a fluffy hamster wearing an

the handlebars. orange beanie and sunglasses
holding a sign that says
"Let's PAINT!"

Low-Res
Tokens

16x16

Masked Predicted

High-Res Tokens High-Res Tokens
& o

-

LowRes 256x256

Project
MLP P
x
Concat —-/

Embed
Self
Attention

A

Attention e <

32x

=
«

i
Embed
Cross

Multi-axis
Attention

64x64

39

Muse: Text-To-Image Generation via Masked Generative Transformers. Chang et al.
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Another Way of Modeling Conditional Distributions

« Condition on latent variables:

p(X1, X2, ., Xn) = p(2)p(xq, Xz, -+, X | 2)

You can select a random distribution
for variable z, such as Gaussian.

generator
In fact, Gaussian prior results in |

minimal variance if the data
distribution is unknown [TODO,; p(z)

citation] p(:c|z)

41



In Fact, This Views Generation as Mapping a Prior
Distribution p(z) to the Data Distribution p(x)

How to model the mapping differentiates generative models, such
as VAE, DDPM, Flow Matching Model, and GAN...

42



VAE as Latent Variable Models

We want to maximize E.-,,.,. logpe(z)
with py(x) represented as:

po(x) = / po(2]2)p(2)dz

A generator “

p(2) po()
po(|2)



VAE as Latent Variable Models

We want to maximize E.-,,.,. logpe(x)
with p,(x) represented as:

po () = / po (2]2)p(2)d

A generator “
Two sets of unknowns: * »

 We need to optimize for 6

p(2) po(T)
 We can’t control “true” p(2) po(|2)

Idea: introduce a “controllable” distribution g(z)

44



Latent Variable Models

log pg(x) Rewrite log likelihood by latent z

45



Latent Variable Models

log pe(x) Rewrite log likelihood by latent 2

. / a(s) logpe(a)dz

VA

46



Latent Variable Models

log pg(x) Rewrite log likelihood by latent z

= [ @ ogpoo)iz
/q(z) log (pg (z12)ps(2) )dz

2 po(2|2)




Latent Variable Models

log pe(x) Rewrite log likelihood by latent 2

- / 1(2) log pe(c)d=
/Z q(2) log (pe ;ZZ'(ZQQO)(Z) ) dz

/ o(2) log (pe(wIZ)pe(Z) Q(z)) 1

2 po(zlz)  q(2)

48



Latent Variable Models

log pg(x) Rewrite log likelihood by latent z
— [ 4() ogpo(a)dz
_ Nlog (PEI2Pe(2)
- /ZQ()lg( po(z|x) )d
e (P@2Pe(2) a(2)
- J e (P )

pol2) | a(2)
J ) (1o otele) + g 30+ g )

49



Latent Variable Models

log pe(x) Rewrite log likelihood by latent 2
— [ a() ogpo(a)dz
_ Nlog (PeE2)Pe(2)Y
N /zQ( )lg( po(2|z) )d
- 1o po(x|2)pa(2) q(2) ”
- o (L i)

po(2) q(2)
J ) (1oepotele) + 108 5 + 08 2 000 )

= By | logpo(e]2)| — D (a(2)lIpo(2)) + D (a(2)lpo(2]2) )

50



Latent Variable Models

intractable |log pg(x) Rewrite log likelihood by latent 2z

= | Eag(| 108 20(x12) | — D (a(2)lIpa(2) ) +Diw (a(2) lpo (2l

intractable

51



Latent Variable Models

— DkL (q(z)||p9(z|a:)) intractable

intractable logpg(a:)‘

= | Eag(e) | log po(al2) ||~ Dia (a(2)]Ipo(2) )



Latent Variable Models

— DkL (q(z)||p9(z|a:)) intractable

intractable logpg(::c)‘

E.nq(z) | l0gPo(l2)] |~ Diw ((2)lpo(2))

\ J
Y

* This is called Evidence Lower Bound (ELBO)
* Lower bound of log py(x)

* This equation holds for any distribution ¢( z)

53



Latent Variable Models

qs(2|2) q5(2|z)
E.miq | 108 Po(212)| |~ Diw (7690l po (2))

\ J
Y

* This is called Evidence Lower Bound (ELBO)
* Lower bound of log py(x)

* This equation holds for any distribution ¢( z)

* Parameterize g(2) by g4(2|x)

54



Latent Variable Models

gy(2]1) golzlz)  p(2)
E.miq | 10870 (w12) | - D (78R 170e)

\ J
Y

* This is called Evidence Lower Bound (ELBO)
* Lower bound of log py(x)

* This equation holds for any distribution ¢( z)

* Parameterize g(2) by g4(2|x)
* let py(2) be a simple known prior p(z)

55



Variational Autoencoder

Maximize ELBO = minimize an objective:

£0,6(5) = ~Eargy el | 108 P (212)] + Dre. (95(212) [p(2))

X encoder [\ 2 decoder .GC’

%(Z‘w)
po(|2)

56



Variational Autoencoder

Maximize ELBO = minimize an objective:

£0,6(2) = ~Earq, sl | 108 20(212) | + Dicw (a6(212) p(2)

X encoder [\ 2 decoder .GC’

%(Z‘w)
po(|2)

57



Variational Autoencoder

Maximize ELBO = minimize an objective:

£0,6(2) = ~Earvq, sl | 108 20(212) | + e (a6(212)][p(2) )

€T encoder




Training:

encoder . generator

p(2)

p(z|2)

Testing:

. generator

p(2)

p(z|2)

59 Image source: Kaiming He



Why Do We Care About VAE? A Common Technique
to Compress Data as Priors

™

State Distill Action
h 5 & (55, 57) PHC+
f ; ’ TPHC+ ﬁ/ -

Large Motion Database /ﬁ_’
v Encoder “N Zr Pie e = e S — e
‘ PHC+: ' |Imitation Goal: s* 1
Perpetual Humanoid Hi s
‘ Physics Simulation (Isaac Gym)

Controller .., - N "13

Q -~ Proprioception: s/
t
\ '\

1. Learn Imitator 2. Forming Motion Representation via Distillation

60



Why Do We Care About VAE? A Common Technique
to Compress Data as Priors

Static Object Animated Object

Encoder “ Decoder

Motion Field Motion Field

61
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Another Way of Modeling Conditional Distributions

« Condition on latent variables:
p(X1;X2; °"1Xn) — p(Z)p( |Z)
with p(z) = p(z)p(7-1z1) = p(2, 121, 22, =+, Zn—1)

63



Another Way of Modeling Conditional Distributions

« Condition on latent variables:

p(Xl; X2,y Xn) — p(z)p(le X2,y anz)
with p(2) = p(z)p(.|21) -+ p( mxn_l)
p(Xo0.7) = P(XT—l | X7)...p(x1 | X2)p(X0|| X1)

p(Xr-1 | X7) p(x1 | x2) p(xo | x1)

N\

»

v LS /
,.;;" :
' o) .
‘ A / é )
| f

X1

64



Modeling Transitions of Two Distributions

p(Xo0.7) = p(x7)p(XT-1 | XT)...p(X1 | X2)P(X0 | X1)

p(x7-1 | X7) p(x1 | x2) p(xo | X1)

XT

o o A

65 Image source: Kaiming He



Model How Data is Transported Among the Prior
Distribution p(z) and the Target Distribution p(x)




eneration: Map a Prior Distribution p(z) to the Data
Distribution p(x)

Data

Generative reverse denoising process

A 4 A

67 Image source: https://cvpr2023-tutorial-diffusion-models.github.io/



Basic |dea: First, Determine How the Data Distribution
p(x) is Mapped to a Prior Distribution p(z

Fixed forward diffusion process

68 Image source: https://cvpr2023-tutorial-diffusion-models.github.io/



Basic Idea: Then, Learn to Reverse the Mapping

Fixed forward diffusion process

Data Noise

<€

Generative reverse denoising process

A A A

69 Image source: https://cvpr2023-tutorial-diffusion-models.github.io/



Denoising Dr
Forward Ma

fusion Probabilistic Models Specity the

oping with Gaussian Diffusion Process

The formal definition of the forward process in T steps:

Data

Forward diffusion process (fixed)

Noise

q(x,|x,_1) = N(xt: vV 1—8xe—1|Bd) = (l(Xu'lXu) — H({(Xllxl—l) (joint)

74 | t=1

mean variance

70 Slide credit: https://cvpr2023-tutorial-diffusion-models.github.io/



Denoising Dr
Forward Ma

fusion Probabilistic Models Specity the

oping with Gaussian Diffusion Process

The formal definition of the forward process in T steps:

Data

Forward diffusion process (fixed)

Noise

q(x,|x,_1) = N(th vV 1—8xe—1|Bd) = (l(Xu'lXu) — H({(Xllxl—l) (joint)

74 | t=1

mean variance

/1 Slide credit: https://cvpr2023-tutorial-diffusion-models.github.io/



Denoising Diffusion Probabilistic Models Specify the
Forward Mapping with Gaussian Diffusion Process

Forward diffusion process (fixed)

Data Noise

f
Define o = H(l — Bs) = q(x¢xg) = N(x¢; vVaxg, (1 — ay)I)) (Diffusion Kernel)
s=]

For sampling: x; = ar xg+ /(1 —ay) ¢  where ¢ ~ N(0,1)

3; values schedule (i.e., the noise schedule) is designed such that a7 — 0 and ¢(x7|xy) ~ N(x7:0,1))

72 Slide credit: https://cvpr2023-tutorial-diffusion-models.github.io/



What happens to a distribution in the forward diffusion?

So far, we discussed the diffusion kernel ¢(x¢|x()) but what about ¢(x;)?

Diffused Data Distributions

Data Noise
q(x¢) = / q(x, x¢) dxq = [ q(x0) g(x¢|xq) dxq .
. . o e . t
Diffused Joint Input Diffusion
data dist. dist. data dist. kernel
The diffusion kernel is Gaussian convolution. q(xo) q(x,) q(xz) q(xs) q(xr)

We can sample x; ~ ¢(x¢) by first sampling x ~ g(xq) and then sampling x; ~ q(x;/xq) (i.e., ancestral sampling).

73



Generative Learning by Denoising

Recall, that the diffusion parameters are designed such that ¢(x7) =~ N(x7:0,1))
Diffused Data Distributions

Generation:

Sample x7 ~ A(x7;0.1)

X
Iteratively sample X;—1 ~ q(x;—1|x¢) t X X
. y _ | % p *®
True Denoising Dist.
a(Xo) a(xs) q(x;) a(xs) q(xr)
e~ K~ K K K
alxyx,) alx; |x,) q(x; | %;) q(x; | x,) qlxyq | %)

Can we approximate g(x;_1|x;)? Yes, we can use a Normal distribution if 3; is small in each forward diffusion step.
74



We Directly Have Reverse Mappings of Gaussian
Diffusion Process

Formal definition of forward and reverse processes in T steps:

Reverse denoising process (generative)

A

Data Noise

q(x¢—1]|x¢,X0) = N(xt—l; Hy (xt:x[}):}étl)a
Oy 1 —ay_ ~ 1 — oy
F 1 xo + vau(l -~ a; 1)x and f; = o

1 — a, ¢ 1— &

ﬁt

where fi,(x¢,X0) ==

75 Slide credit: https://cvpr2023-tutorial-diffusion-models.github.io/



Learn a Model to Reverse Mappings of Gaussian
Diffusion Process

Formal definition of forward and reverse processes in T steps:

Reverse denoising process (generative)

4

Data Noise

A A A A A A
AN 08 AN AN AN AN
(x) = N(x7;0,1) d
p(x7) = N(x7:0, ;
e - s o = pe(xor) = p(xp) [ [ pe(xi—1lxt)
po(xt—1]x1) = N(xt—1: po(x¢, t), o71) —1

Trainable network
(U-net, Denoising Autoencoder)

Slide credit: https://cvpr2023-tutorial-diffusion-models.github.io/



Learning Denoising Model

Variational upper bound

For training, we can form variational upper bound that is commonly used for training variational autoencoders:

Er,ll'x”] ’_ lt}gj‘w[x“}] E IE".'[WII”_I'["-‘H T!%0) |:_ ]Ug

Recall that x; = /o xp+ /(1 — ) €. Ho et al. NeurlPS 2020 parameterized the mean of denoising model via:

| 1 3, |
Ll X, 1) = X €ol X, t)
Using a few simple arithmetic operations, we can write down the variational objective as:

L= Exomgixg) t~U{1,T},e~A(0,1) [/"\tllﬁ —eglvar xp+ /1 —ap et }

Ho et al. NeurlPS 2020 observe that simply setting A+ to 1 for all t works best in practice.
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Summary

Algorithm 1 Training Algorithm 2 Sampling
1: repeat 1: xr ~ N(0,1)
2 x“”quﬂ) 2: fort=T,...,1do
i‘ L~ Iﬁlgﬂ;?l({lﬂ .-, T}) 3: z~N(0,I)ift > 1,elsez=0
. € ; —
5: Take gradient descent step on 4 X1 = ,,%’-Tt (x* ~ h €o(Xt, t))‘ T Otz
V{;HE— €o(/auxo + /1 —&te,t)”E 5: end for
6: until converged 6: return xo
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Diffusion Models are Awesome

& [

Add speech Add sound effect

Tip 1. Add new audio for Tip 2. Click audio clips below
your story to edit, and drag to rearrange

0:00 0:05 010 015 0:20

Jamie

Oh no, the engine isnt... Mm... Mm...

Robot Assistant

Hawve you tried tighten... Have you properly aligned ...

broken engine clanking mak...

broken engine clanking making loud bangs, followed by a big puff ...

A sci fi swoosh space sound...

A sci fi swoosh space sound followed by a loud bang and silence

79

> Y,

Download

Tip 3. Listen to your audio
story and download it

0:25 Q @

MNo, | haven't...




Diffusion Models are Awesome

80



Diffusion Models are Awesome
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Distortion (RMSE)

80

60

40

20

Diffusion Models Are Slow...

0O 200 400 600 800 1,000

Reverse process steps (I° — t)

Rate (bits/dim)

(-
(o)

(-1

e
o

o

0

200 400 600 800 1,000

Reverse process steps (1' — t)

DDPM often requires 1000 samplings
steps to generate high-quality data....

82




Many Technigues Introduced to Accelerate DDPM

Consistency Models

Yang Song! Prafulla Dhariwal! Mark Chen' Ilya Sutskever'

Data Nise
(o, 0) (X, 1) T (e, ) (xr,T)
.fe(xl t)
fB(xi’ﬂ{,)
fo(x7,T)

83

DENOISING DIFFUSION IMPLICIT MODELS

Jiaming Song, Chenlin Meng & Stefano Ermon
Stanford University
{t song, chenlin, ermcn}@cs .stanford.edu

~
~

Q(mgkﬁ )

Po re -
@u ] @ ,@g ‘ @(Eo) Q(“”Q‘”l:“’(}@ @

Figure 1: Graphical models for diffusion (left) and non-Markovian (right) inference models.
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A Visual Diagram of Distributional Transportation
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A Visual Diagram of Distributional Transportation
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A Visual Diagram of Distributional Transportation
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A Visual Diagram of Distributional Transportation
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DDPM vs. Flow Matching

DDPM

A probabilistic view of generation
Forward process: Gaussian diffusion
process

(x¢|x¢—1) == N(xt5 /1 — Bex—1, Bi])

Backward process: learn a denoising
model

Po(xi—1|x¢) = N(Xt—1§ Mo (X, 1), Bo(X¢,1))

Sampling steps are discrete: t € [0, T]
Prior distribution is Gaussian

92

Flow Matching

A flow view of generation
Forward process: Any vector field

0
X{ = Xo — j v(x, t)dt
1

Backward process: learn a regression
model

0
X = Xq +j ug(x¢, t)dt
1

Sampling steps are continuous:
t~Uniform(0, 1)

Prior distribution is not restricted to
Gaussian



DDPM vs. Flow Matching

DDPM

A probabilistic view of generation
Forward process: Gaussian diffusion
process

q(X¢|x¢—1) = N(Xt§ v1-— Bixi—1, BiI)

Backward process: learn a denoising
model
Po(Xe—1]%x¢) = N (%4—1; g (X¢, 1), Bg(X¢, 1))

Sampling steps are discrete: t € [0, T]
Prior distribution is Gaussian
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Flow matching often assign t = 0 to the
prior and t = 1 to the data distribution

Flow Matching

A flow view of generation
Forward process: Any vector field

1
Xo = X; — j v(x, t)dt
0

Backward process: learn a regression
mode|

1
X, = X +f ug(x¢, t)dt
0

Sampling steps are continuous:
t~Uniform(0, 1)

Prior distribution is not restricted to
Gaussian



A More General Formulation of Generation: Specify Any Vector
Field as the Transportation Map

Image credit: https://mlg.eng.cam.ac.uk/blog/2024/01/20/flow-matching.html 94



However, Specification of the Vector Field is Intractable...

« Avector field u;(x) transports source samples

O Vector field
to target samples

O « The objective of Flow Matching: regresses the
O vector field with a neural network vg(t, x)
O Lo = EL 1, () = (6,0 1%]
O « However, u,(x) is often intractable to obtain
O » The vector field pairs every data with every
O samples drawn from the prior distribution
O
O
source Target

samples x, samples x;
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Fortunately, the Vector Field can be Composed of 3
Mixture of Conditional Vector Fielo

« Avector field u;(x) transports source samples

O Vector field
to target samples

O « The objective of Flow Matching: regresses the
O vector field with a neural network vg(t, x)
O Lews = E[ |Jue(x) = vo(t, 2)][2 ]
O « Vector field u,(x) can be composed of a mixture
O of conditional vector field wu, (x|x,)
O (| pe Cxlxy)
u(x) = E
O ¢(x) p(x1)[ p,(x)
O u;(x|x,): the conditional flow between sample x and data x;
Source Target p:(x|x1): the joint distribution of sample x and data x;

samples x, samples x; u.(x): the flow at sample x during time t
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Fortunately, the Vector Field can be Composed of 3
Mixture of Conditional Vector Fielo

O

O
O

source
samples x,

Vector field
O
O
O
O

Target
samples x;

A vector field u;(x) transports source samples
to target samples

The objective of Flow Matching: regresses the
vector field with a neural network vg(t, x)
Ley = E[ |Ju (x) —vg(t,x)|[]*]
Vector field u,(x) can be composed of a mixture
of conditional vector field u,(x|x,)
u (e ) pe(|x1)
pe(x)

0 () = Epcr,y [

We have:
VoE[ [|us(x) —vo(t,2)||* ] = VoE[ [Ju.(x|x) —ve(t,x)]]*]
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A Common Practice to Compose the Vector Field

 In practice, we often
» Adopt Gaussian V' (0,1) as the prior distribution

» Randomly pair source samples and target
samples

o O O

O
O
O | | | | |
» Assign optimal transportation (straight velocity)
O as the conditional flow for the source-target pair
O u(x) = X1 — Xg
O X = (1 —t)xg + txq

source Target
samples x, samples x;
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Flow Matching: Learn to Regress the Vector Fielo
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A Common Practice to Compose the Vector Field

O
O
O
O
O

source
samples x,

Vector field
O
O
O
O

Target
samples x;

In practice, we often
» Adopt Gaussian V' (0,1) as the prior distribution

» Randomly pair source samples and target
samples

» Assign optimal transportation (straight velocity)
as the conditional flow for the source-target pair

Since vector field u;(x) is composed of a mixture of
conditional vector field u, (x|x,), which becomes
curved under random coupling



The Target Vector Field vs. Learned Vector Fielo
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Flow Matching is a General Formulation that Recovers Diffusion
Models if the Vector Field is Specified Correctly

Example I: Diffusion conditional VFs. Diffusion models start with data points and gradually
add noise until it approximates pure noise. These can be formulated as stochastic processes, which
have strict requirements in order to obtain closed form representation at arbitrary times ¢, resulting
in Gaussian conditional probability paths p;(z|z,) with specific choices of mean . (x;) and std
o¢(x1) (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2020b). For example, the reversed
(noise—data) Variance Exploding (VE) path has the form

pi(z) = N(z|z1, J%_tf), (16)

where o is an increasing function, oy = 0, and o7 > 1. Next, equation 16 provides the choices of
pi(x1) = =1 and o4(x1) = 01— Plugging these into equation 15 of Theorem 3 we get

!
01t

ut(z|z1) = — (x — z1). (17)

01—t
The reversed (noise—data) Variance Preserving (VP) diffusion path has the form

t
pi(z|z1) = N(z | 01—y, (1 — o:f_t) I), where a; = e_%T(t),T(t) = f B(s)ds, (18)
0

and [ is the noise scale function. Equation 18 provides the choices of (1) = a;_;x; and
oi(r1) = y/1 — a?_,. Plugging these into equation 15 of Theorem 3 we get

T! 1—¢ —T(l—t) _ —%T(l—t}
( ) |e r—e z1 | (19)
1 —eT(1-1)

!/
it (1t — @) = —
1—a2_, 2

ug(z|zy) =
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Why Flow Matching?

2D feature map

NENEEEEEN
e INEEEEEEN

Image
Encoder

o
)

Average 3D location
within patch

JawiJojsuel| aAneRY as

f

Depth H 3D pixel location E Language S %
. Encoder | Denoising
(a) Encode 2D feature tokens (b) Lift 2D feature tokens to 3D “Sweep the dust into (d) Denoise end-effector pose estimate

a dustpan”

(¢) Encode language instructions

3D Diffuser Actor: Policy Diffusion with 3D Scene Representations. Ke et al. 103



Flow Matching Requires Much Fewer Sampling Steps than DDPM

86

2 80.75
2
L
»w 755
0
@
Q
5
» 70.25 © Flow Matching
¢ DDIM
¥ DDPM (100 steps)
1 3 5 10 50 100

Sampling Steps
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sSummary

Discriminative Models vs. Generative Models

discriminative p(y|z) generative p(z|y)

p(zly = 0)

p(zly=1)

Diffusion Models

Fixed forward diffusion process

Noise

Generative reverse denoising process

Variational AutoEncoders

€T encoder [\ Z decoder :1:'

Flow Matching

X, =(1-09X,+tX;

E,x,x, |4 (X;) = (% "XO)”2

105

Q¢(Z|$)
po(z|2)

Autoregressive Models

Once I

upon

Fj’/ r/

5y
=55 &5
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