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Emlekezteto

Folyamillesztes

Feltételes folyam Marginalis folyam



Gyorsitott Generalas

Training pairings Learned ODE 4 Step Sampling 2 Step Sampling 1 Step Sampling

* A diffuzids és folyam-alapu generativ

modellek sok iteraciot igényelnek... * o
’ ’ ’ . ’ ’ e 1 B[ |74
* A lepesszam csOkkentesenek egy ponton tul o \ \\
a minéség |é.tja kérét. .. (a) Flow Matching Training

« Két lehet6ség a gyorsitott generalasra:

* Modositjuk a modellt, hogy kevesebb

cr A9

lépésre is “j0” eredmenyeket generaljon
(pl. Rektifikalt folyamok)

« Disztillacio: a lassu, de j0 mindseqgl
modell “tanarkent" szolgal egy gyorsabb
“diak” modell tanitasahoz https://sander.ai/2024/02/28/paradox.html



https://sander.ai/2024/02/28/paradox.html

Gyorsitott Generalas
Rektifikalt folyam (Rectified flow)

* Megfigyelés: “egyenesesebb” trajektoriak
esetén kevesebb integracios Iépés is elég

« A folyamillesztéssel produkalt trajektoriak
altalaban elég egyenesek — alternativ

elnevezés/formalizmus: rektifikalt folyam
(rectified flow)

- g Noise | %

Noise 0 O

» Figyelem: a kisdimenzids példak Image Image
valamennyire félrevezet6ek! HEA A PAA A
BEE a  aad &

Sampling step Sampling step
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Gyorsitott Generalas

Rektifikalt folyam (Rectified flow
vem g T VAU VA

. Reflow — iteralt rektifikalt folyam: .) AN SN

. s 7 g Vs . . /7 (a)The 1st rectified flow Z* ) Reflow Z? ¢) Reflow Z* d) Transport cost,
defInIaIJUK at a Zaj-adat OSSZerendeleSt Z' = RectFlow((Xn, X)) Z* = RectFlow((Z}, Z])) Z* = RectFlow((Z3, Z3})) Straightness
az aktualisan illesztett folyam | T T

trajektoriai szerint és ez alapjan
ismeteljuk a folyamillesztést

1-Rectified Flow
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* A folyam egyre egyenesebb
trajektoriakat definial!

2-Rectified Flow

ctifled Flow

|-Re

2-Rezctified Flow




Gyorsitott Generalas
Rektifikalt folyam (Rectified flow)

One-step generation with InstaFlow-1.7B (0.12s per image, 512 x 512)




Gyorsitott Generalas

Disztillacio — Progressziv tanitas

PROGRESSIVE DISTILLATION FOR FAST SAMPLING
OF DIFFUSTON MODEL.S

Tim Salimans & Jonathan Ho
Google Research, Brain team
A | € € €
( )
z3/4 = f(21;7)5
:v Distillatio[>
Z) )2 = f(z3/4:m)+
Y v Dlstlllatio> >X = f(z1;0)
Z) /4 = f(Zl/'zI"I)<
» i Dlstlllatlo[>
x=f (21/4 1)
|\ N N7 | - . . ;
t = O X X X (a) 256 sampling steps (b) 4 sampling steps (c) 1 sampling step



Gyorsitott Generalas

Consistency Models

DiSZti"éCié _ KOnZiSZtenCia mOde"ek Yang Song ' Prafulla Dhariwal' Mark Chen' Ilya Sutskever'

e Tanitsuk a halot arra, hogy a
trajektoria végpontjara (a tiszta képre)
ugorjon

« Konzisztencia tulajdonsag: adott
trajektoria mentén minden pontbol
ugyanabba a vegpontba ugrunk!

* Lehet disztillalni egy mar betanitott
modellt, vagy akar eleve
konzisztenciara tanitani

e Szamos varianst inspiralt

Data Noise

fB(X.":fl) (
F Jfo(x1,T) /




o rgq ”
Gyo rs ItOtt G e n e ra I a S "?";TAEL(I:FJ::&T i’;tli’nggl;i Ii SCALING CONTINUOUS-

Disztillacio — Konzisztencia modellek Cheng L & YangSong

DA L L- E 3 Figure 2: Selected 2-step samples from a continuous-time consistency model trained on TmageNet 512x512.



Flow map matching with stochastic interpolants:

Gyo rs I,tOtt G e n e ré I é S A mathematical framework for consistency models

Nicholas M. Boffi* Leffi@cims. ropu edu
Cuourent Instituie of Mothennatice! Sciences

- = y 4 m 7 y 4 y 4
Disztillacio — Folyam lekepezes
Courant Institute of Mathematica! Sciences

Eric Vanden-Eijnden cucdBetms.nyu edu
Courent Instituie of Mathematica! Sciences

/’\ | ’

/
XT,S O XS,T O X(],s

Folyam lekepezeés (Flow map) — X _ : a folyam (vektormezd) “kOvetése” az s parametertdl a T paraméterig
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Align Your Flow:

Gyo rS I,t Ott G e n e ré I é S Scaling Continuous-Time Flow Map Distillation

Disztillacio — Folyam leképezes g i Ko

NVIDLA  University of ‘Toronto * Vector Insdtute

Project Page: htips:ifresecarch.nvidiz.convlabs/toronto-ary Align YourFlow!

Flow Matching

FELE R pel@eee TRET e e LI “. "tee, .
[ lssssbtisannns - P e eee., '

‘".-"""-.., i "__'L_I--..'
P amert ——— - . - Tiemns
b TrssEss s - L LR e
- . . .
v

. 9

g (X, 1) - f(x.1,s )

\

A\
i
JJ\L
S

P

stop gradient: nem kell magasabb derivaltakat szamolni!

Objective /
f =) §—1
dg, (x,,1) > ; df,y (x,. 1, 5) dx, -
VoE, [go(xp T Mdt t ] Vo, [mgn(t —s)-fy(x,1,5)" - d; ﬁ VoEx | V(X ) — d_tl 5

“A folyamlekepezes eredmenye minden trajektoria menten maradjon allando”

A konzisztencia és a flow matching loss a folyamleképezeés loss degeneralt esete!
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Gyorsitott Generalas

Disztillacio — Folyam leképezés

MeanFlow Models

fo(x¢.t.8) =Xt + (s —t) X Fo(x¢,t, s)

Consistency Models

v

A\lle[aR{e]lV[@ ()" AN Discretize
time

S —t
No StopGrad

Flow Matching Flow Map Matching
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Képszerkesztes

Kéepbol kép — Képszerkesztés

“a pholto of a “ “
qoldain aculphure a photo of a a photo of a
‘o Ezmpre” wooden statue silver robot

SzOveggel

Mas modon

13



Kepszerkesztés
Képbdl kép — Osszetett feladatok

D remove

~ replace ~ styie transfer ~ free-form

Tobb lépeses
‘ generalas

h’ \"
{h y ¥

SZOveg es | N St ru kC | é k looks like completed? */ Y A

Komplex kepi + cotyonsmern | B

. & f : 4 v
this knitting project e H»-Mu
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Képszerkesztes

Inverzio




Képszerkesztes

Inverzio

“A cat sitting next to a mirror.”

15



Képszerkesztes

Inverzio

“A cat sitting next to a mirror.”

Diffusion

Inversion
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Képszerkesztes

Inverzio

“A sleeping cat sitting next to a mirror.”

Inversion Diffusion
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Ké K 3
e psze r eSZteS Null-text Inversion for Editing Real Images using Guided Diffusion Models

mm - m 7 N : 4 . . 19
N u I I _ SZOve I nve rz I O Ron Mokady* ' 2, Amir Hertz* "I, Kfir Aberman', Yael Pritch!, and Daniel Cohen-Or' 2
g 'Google Research, *The Blavatnik School of Computer Science, Tel Aviv University
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Ké K 3
e pSZe r eSZteS Null-text Inversion for Editing Real Images using Guided Diffusion Models
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“A cat sitting next to a mirror.”

noise distribution data distribution
p(xr) p(xglc)
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Ké K 3
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Ké K 3
e psze r eSZtes Null-text Inversion for Editing Real Images using Guided Diffusion Models
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“A cat sitting next to a mirror.”

Idea: use CFG to correct the drift
Optimize embedding of the Null-Text @ in each step
to minimize ||x; — x¢||

noise distribution data distribution
p(xr) p(xolc)
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SDEDIT: GUIDED IMAGE SYNTHESIS AND EDITING

Ké psze rkeSZtéS WITH STOCHASTIC DIFFERENTIAL EQUATIONS

[ y 4 y 4 -
Z a O S Ita S S— S D E d It Chenlin Meng' Yutong He' Yang Song] Jiaming Song’
Jiajun Wu' Jun-Yan Zhu? Stefano Ermon’

!Stanford University 2Carnegic Mellon University
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SDEDIT: GUIDED IMAGE SYNTHESIS AND EDITING
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SDEDIT: GUIDED IMAGE SYNTHESIS AND EDITING
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SDEDIT: GUIDED IMAGE SYNTHESIS AND EDITING

Ké pszerkeSZtés WITH STOCHASTIC DIFFERENTIAL EQUATIONS

[ y 4 y 4 -
Z aj O S Ita S e— S D E d It Chenlin Meng' Yutong He' Yang Song' Jiaming Song’
Jiajun Wu' Jun-Yan Zhu? Stefano Ermon’

!'Stanford University 2Carnegie Mellon University

Stroke Painting to Image Stroke-based Editing

Input Watercolor Art statlon Photograph Input | Watercolor Art station paii}iné



Cross-Image Attention for Zero-Shot Appearance Transfer

Yuval Alaluf™ Daniel Garnibi®* Or Patashnik Hadar Averbuch-Elor Daniel Cohen-Or

Kepszerkesztes s

=
Cross-Image Attention
https://garibida.github.io/cross—-image-zttention/

« Cross-attention altal az egyik kép
strukturaja kombinalhato egy masik
kinézetével !

Istruct

d
Qstruct : K.s-t'ruct

Appearance

Structure

T
Q.SL’I"U,CL i Kapp
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Inverz problemak*

Linear

(a) Inpainting (c) Gaussian deblur

Non-linear

(e) Phase retrieval

- -
R 7. N
'H. - 2 r- o b A
- 4 ;
A A A ot v TS
| # . f S
< A -
3 N M . .
7150 A : .
. AR o
B o
| Ca " ‘'3 ’.‘ v
) 2 <
o L y - k.
v R -y < .
| i it . £
. :
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y . g ;
4 . .
! o ;
! ™. - £
.
N - ‘4
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Inverz problemak*

Diffuzios priorok

y
(

\

Sensor manifold —

Based on physical
sensor model

X: Equilibrium reconstruction

[ Plug and Play iterates ]

21

Prior manifold —
Based on learned or
assumed information

~

4




Video Generalas

o All6kép helyett mozgdképet is generalhatunk diffuziéval / folyamillesztéssel
* 1080p felbontas @ 60 FPS: 7.5 milliard pixel percenként!
* Nem elég tobb képet generalni, id6beli konzisztenciat biztositani kell!
A tanulasra hasznalhato adatok potencialis mennyisége oriasi:
« Csak a YouTube-ra naponta 720 000 oranyi (80 évnyi) videot toltenek fel!

* Video generatorok mint “vilagmodellek”: a “valodi” Ml potencialis alapja?

22



Video Generalas

Latens generalas

* Videok diffuzidos generalasat

szUkségszeru latens terben végezni

« Altalaban kiilon tanitott (variacios)

autoenkodert hasznalunk

e Szamos variacio, a legtébb
innovacio ehhez kapcsolodik

* A generativ modell mostanaban
folyamillesztes,

tipikusan “egyszeru
kisebb modositasokkal

23
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Video Generalas

Latens generalas

Downsampling . " : . .
“ Frozen Lower-dimensional latent space Classifier guidance 248
Pixel space i s e Condition
Diffusion .~ . A cat with tabby and
R A » white fur sits on a
: . - . ' wooden desk
— Encoder > — - bbPM P—
Train input video . q;.lM - "
l EDM
Train input video Zo Zr

2D VAE

3D VAE Denoising == Frozen

VQGAN , + Text encoder

TAE :
v :
U : U ’l‘ext in L “A car with raboy and whik fur
Giiasataaaia X(t-1) : xX(T-1) pu iits on @ wooden desk”
Za : z Zr
____________ " '
------------------- \ . Tokenizer

: .= A cat with eny o0 dask
- = E E E E E Human feedback Optical flow !
) -]
: a > g — 2 95 > e
: (e.g., VIDEORM) Raft, etc.)
: UNet/U-ViT DiT Text encoder
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https://github.com/hpcaitech/Open-sora

Video Generalas
(Open)Sora

Sora

4 . . . 4 . . . D
( Pixel Video Space | Lower-Dimensional Latent Space | ( Conditioning
P Clean Latent
~ = D. B
5 ~ ZE[RZ_H"W’( Txd . S GPT-4
= AR atent Spacetime
= B T S R R O ST
S *5:5:555 oln B akialn s Patches Augmented 1;}:}??2[13
i R e SieE el S prompt -
R S SR ——
g e e
//
: : —CLIP
S Denoised latent Noised Latent
o 7 GIR”’ WxTxd Z R WxTd
a \ ‘..‘l II t b
2 Dn[fusnon *—"""-. ‘—‘l .
S [ Transfor- e
= y mer Block | -
ol /
\ S / /
b 5 \ .

Latens “ter-id6” patch-ek
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Video Generalas
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Video Generalas
Align Your Latents

* Probléma: az egymastal flggetlenll generalt e
e . (for each Frame/Balch Element) e, Marginal Diffused
latens frame-ek nem konzisztensek

Data Distribution

« El6tanitott kepgenerator finomhangolasa
temporalis rétegekkel

Cg ¥
spatial layer

Input Noise Distribution
(for each Frame/Batch Element)

N
B?t‘&‘“e ik

' S dnt(l-a )7
spatial layer / I e 2

\
\

S temporalayer g/
L

Zi-1

’\ 0 spatial layer ;' : —
" LS & T ' A
z RR-T.‘C I < W 5 |

LEXY CETESEEEE *-O:ﬁ,llzﬂ;"‘(]—“i‘,u)z{;.;.l
sna_t_lg*l layer

Before temporal video fine-tuning,
different batch samples are independent.
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Video Generalas
Align Your Latents
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0 Meta

Video Generalas

Meta Movie Gen

Movie Gen: A Cast of Media Foundation Models

The Movie Gen team @ Metal

https://ai.meta.com/research/movie-gen/

27
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Video Generalas
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o0 Meta

Video Generalas
Movie Gen: A Cast of Media Foundation Models

Meta Movie Gen The Movie Gen team @ Meta!

- Timestep t

Scale & Shift

s
)

> Nx Transformer Blocks —

o, Movie Gen
is the best

J9poou]
JvL
TAE

Decoder

m.’

- -~

. G N
g

b oD S e Cross-attention

S '

Y

L T . A N
0

— £ w L eyt

> — 8 10
g T j)
) ) p— Y
Gaussian noise .
) An emu holding a sign says
= “No, Mavie Gen is the best”
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Video Generalas

Meta Movie Gen

/r"
(UMOP X8)
JU3-3v.L

—>

[T'/8]1

latent frames

TAE-Dec
(Bx up)

- fr/
( = - \\ ( /, =
{ /
/ S /
/,,( S (~
.Y "
7 > (7
| \
N H N
\\ \. \ N
) \
\J \
N N
h N
\\\ ) 2§

Discard 8*[T’/8]- T’
spurious frames

T’ output frames

Input videcs
(576 x 1008)

Image AE
encode
Bilinear-upsampled videos
(1080 x 1920)

Encoded
feature

Latent
noise z,

Transformer

o

8 Image AE
Latent decode

noise z, 4 HD videos
(1080 x 1920)

1

Scale/Shift
Norm

f

Cross
Attention

T

Scale

t
Self
Attention

Scale/Shift

Norm
A
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Video Generalas

Meta Movie Gen — Tanitas

>

Large pool
of videos

—

N~

Visual filtering

Resolution
Aspect ratio
No text
No scene change
Aesthetics
No border

Motion filtering

No slow motion

- No jittery motion ——

No special motion

Content filtering

Deduplication

Resampling

Text-to-image

s D

\ J
256 px image training

Captioning

Camera motion
LLaMa3 captions

Adathalmaz kuralasa

30

>

\ J

Text-to-image +
Text-to-video

Pre-training

256 — 768 px videos
Up to 16s 16 FPS

<

\\
Personalized
Text-to-video
/
Text-to-video
Finetuning
/J

Tobb fazisu tanitas

pairs

Curated
clip-prompt

Video-to-video
Editing

768 px videos
Up to 16s 16 FPS



Video Generalas
Meta Movie Gen — Tiling




Video Generalas

Meta Movie Gen — Hang generalas

[ Seif-attention
y Gated linear project
— b (DiT-d, 25Hz)
1 1
Linear project Temporal resample
(DiT-d, 25Hz) (1024d, 25Hz)
Channel concat Long-prompt MetaCLIP
(256d, 25Hz2) (1024d, any fps)
; ; |
DACVAE Encoder Spatial resize
(128d, 25H3z) (224x224x3, any fps)
Noised latent Audio context Video
(128d, 25Hz) (48kHz) (any res, any fps)

Flow

T

Linear project

]

DiT Block
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€ N
P
s R
} P
» 2
\
Linear project MLP
(DiT-d) (DiT-d)

[

2 T5-Base

(756d)

[

Text

[

Time embedding
(256d)

[

Flow time step
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VIdeO Generalas Wan: OPEN AND ADVANCED LARGE-SCALE VIDEO

] (GENERATIVE MODELS
Alibaba Wan

Wan Team, Alibaba Group

@ wan

G’éhgrated by Wan Al
https://wan.video/

33
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Video Generalas

Alibaba Wan

wan-
Encoder

W e e e e e e e h e e e e e e e e e e e e R e s e h e e e s e e e e e e e s e e e - -

Diffusion Process

Timestep t

!

{ A panda is holding up & ] >
cardboard that says "Wan2.1”. J
In ut video D
- = =
— |8 15| [E]| —
ﬁ 8=
S [1+T)
[1+T, H, W, 3]
Encoder

GENERATIVE MODELS

Wan Team, Alibaba Group

N x DiT Blocks J — DZVC":‘,Z;,
TCross Attention '
umT5 I
D Output video
Latent
space % % %
4, H/8, W/8, C] U
[1+T, H, W, 3]
Decoder
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Layer Norm

v

Sell-Attention

v

Layer Norm

v

Cross-Attention

v

Layer Norm

v
FEN

WaN: OPEN AND ADVANCED LARGE-SCALE VIDEO

Timestep

|

MLP




Video Generalas

Alibaba Wan — Tanito adathalmaz

Paol

Image Data

Video Data

Textual Data

[1 192P] Traimng

[1 192 Dedupl:cation

[1 192P] Visual Filter

[1 192P] Fundamental Filter

[V 192P] Training

[V 192] Deduplication

[V 192P] Visual Filter
[V 192P] Fundezmental Filter

[V 192P] Motion balter

[T 1921 Tramning

35

|1 480P) Traiming

(1 480P] Resolution Filter

[V 480P] Trauning

|V 48P Visual Falter
[V 430P] Motion Filter

[V 480P] Resolution Filter

[T 480P] Traiming

[T 480P] Resolution Filter

[F720P] Frairmg

[ 720P] Resolution Filter

N 720P] Tramning

V 72017 Visual Falter

'V 720P] Motion I':lter

V 720P] Resolution Filter

T20P T

T 720P] Resolution Filter

[1] SFT Training

[T] Visual Filter

[V SFT] Training

[V] Visual Filter

[V] Motion Filter

[T SFT| Traimng

[T] Resolution Filter



Video Generalas

Eddig: diffuzio a teljes képszekvenciara — lehet mashogy is?

36



Video Generalas

Autoregresszio?
Output
A robot may not
Input T
recite the first law $ A robot may

Egy vided képek id6ben rendezett szekvencigja...
L ehetne autoregressziot hasznalni a szévegek mintajara?
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Video Generalas

Autoregresszio?
Output
A robot may not
Input T
recite the first law $ A robot may

Egy vided képek id6ben rendezett szekvencigja...
L ehetne autoregressziot hasznalni a szévegek mintajara?
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Video Generalas

Autoregresszio — Szabad futas

{1 = NN(xlT, Zo)

Tanitas szabad futassal (free running): futtassuk az aktualis modellt a felligyelt pillanatig

38



Video Generalas

Autoregresszio — Szabad futas

Generalt szekvencia
' Idével divergalni kezd!

\//\

Valodi szekvencia

Szabad futassal a hibak kdnnyen halmozddnak, nehéz stabilan tanitani...

39



Video Generalas

Autoregresszio — Teacher forcing

I T T I

Sequence NN
|

“Teacher forcing”: tanitas soran mindig csak egy tokent (frame-et) prediktalunk, a korabbiakat a
“ground truth” adatokbol vesszUk!
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Video Generalas

Autoregresszio — Teacher forcing

* Jeacher forcing csokkenti a
divergenciat...

/7

e De “élesben” mar generalt k
frame-ek alapjan kell ujabbakat
generalni — “out of distribution”
a tanitott modell szempontjabol!

» (Szbveg generalasnal ez kisebb /_<

probléma a diszkret tokenek

miatt...) -

41




Video Generalas

Diffusion forcing

Noise

Time

Otlet: valasszunk kiilonbdzé (random) mennyiségl zajt az egyes frame-ekre — diffusion forcing

42



Video Generalas

Diffusion forcing

Guidance Tree Search Compositionality Causal Uncertainty Flexible Horizon

: -
<

Train. Set
71T
v

Comp off Comp on

Teacher Forcing

(4]x)
Q
Full-Seq. Diffusion &
&

QOO
QOO

Diffusion Forcing

Diffusion forcing: kombinalja a diffuzid és az autoregresszio elényeit!
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Video Generalas

Diffusion forcing

Diffusion Forcing A8 i '

“' . ' ’ P “ - -3
o e ¥  r .. = : " '.
"

Full-Seq Diffusion ' i : .

4
s o — - ., - ' 2 .." et :
J‘ .
‘v-’. i
: . 52
g - » .. B T \ 3%
sA o . 2 ~ ~ ¥ g . \ - '-:, . - ”m .'J_‘- 3’ A

Teacher Forcing
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Video Generalas

Diffusion forcing

Diffusion Forcing A8 i '

“' . ' ’ P “ - -3
o e ¥  r .. = : " '.
"

Full-Seq Diffusion ' i : .

4
s o — - ., - ' 2 .." et :
J‘ .
‘v-’. i
: . 52
g - » .. B T \ 3%
sA o . 2 ~ ~ ¥ g . \ - '-:, . - ”m .'J_‘- 3’ A

Teacher Forcing
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Video Generalas
Vilag modellek

World Model (Simulate)

https://worldmodels.qgithub.io/
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Video Generalas

Vilag modellek — Google Genie

Genie3
.. L

Introducing

Project Genie

(EeRma )

for world models

. 4

https.//deepmind.google/models/genie/



https://www.youtube.com/watch?v=PDKhUknuQDg
https://www.youtube.com/watch?v=YxkGdX4WIBE
https://deepmind.google/models/genie/

Video Generalas

Vilag modellek — Google Genie

Genie3
.. L
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Project Genie

(EeRma )

for world models

. 4

https.//deepmind.google/models/genie/
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Video Generalas

Vilag modellek — Google Genie

Genie3
.. L

Introducing

Project Genie

(EeRma )

for world models

. 4

https.//deepmind.google/models/genie/
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Video Generalas

Vilag modellek — Google Genie

Vidco tokens 2

1 p
Latent action
_) = = = —_— .
mOdel ) * .
\ ) Latent actions @ "«:9%

Tanitas

Video
tokenizer

) Video Tokenizer
(] Dynamics Model

Tokenizer
Encoder

Tokenizer

Decoder

Generalas
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Video Generalas
Kitéeré6 — Vision-Language-Action (VLA) Modellek*

Instruction N Action
Pick rice chips from top drawer "RT-1 | Made Y Base
and place on counter > { J »
\ 3Hz
Images FiLM

EfficientNet TokenLearner  Transformer

.
.
p—

https://diffusion-policy.cs.columbia.edu/ https://robotics-transformeri.qgithub.io/
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Video Generalas
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Video Generalas
Kiter6 — Vision-Language-Action (VLA) Modellek*

PIEEAN NN TIFT TR D O TR wm mE N oo b

PHYSICAL INTELLIGENCE 7

I N ImmE I I mmMmMEeEa T TNy I m Tm s

(00 U L LI LN I R T LR

https://www.pi.website/blog/pi0
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Video Generalas
Kiter6 — Vision-Language-Action (VLA) Modellek*
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Video Generalas

Vilag modellek — NVIDIA DreamZero

Training: Joint Video-Action Flow Matching
Joint Video-Action DiT

Inference: Closed-Loop Real World Execution

Joint Video-Action DiT

State/Text
Encoder

VAE

' Decoder

Action
Decoder

Future frames
S

Future action
chunk

\ <
>

Async real-world
execution

@

[
I
[
[
. I
Video Latents [
| I Past frames

] 3 |
VAE I
Encoder « 4 :
[
Joint flow !
f— . [
matching |
Action (Teacher forcing) |
Encoder :
[

I : .

[ Proprioception

. . [

Proprioception : Language

State/Text I “Pack up the fruits

Language Encoder I into the bag”
“Pack up the fruits |
into the bag” I
[
I

Update with Real Observation

https://dreamzero0.qgithub.io/
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Video Generalas

Vilag modellek — Interaktiv szimulacio

-

World Simulator ‘-' g Live Interaction "'I »” World Simulator k Live Interaction

Interactive World Simulator

for Robot Policy Training and Evaluation

Yixuan Wang Rhythm Syed Fangyu Wu Mengchao Zhang Aykut Onol
Jose Barreiros Hooshang Nayyeri Tony Dear Huan Zhang Yunzhu Li

&5 COLUMBIA 7) I a

7v ENGINEERING oo

https://www.yixuanwang.me/interactive world sim/
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Video Generalas
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Video Generalas
Vilag modellek — 3D modell + Video?

At L

https://marble.worldlabs.ai/ https://research.nvidia.com/labs/sil/projects/lyra2/

W World Labs <A NVIDIA.

52



https://marble.worldlabs.ai/
https://research.nvidia.com/labs/sil/projects/lyra2/

Video Generalas
Vilag modellek — 3D modell + Video?

At L

https://marble.worldlabs.ai/ https://research.nvidia.com/labs/sil/projects/lyra2/

W World Labs <A NVIDIA.

52



https://marble.worldlabs.ai/
https://research.nvidia.com/labs/sil/projects/lyra2/

Video Generalas
Vilag modellek — 3D modell + Video?

At L

https://marble.worldlabs.ai/ https://research.nvidia.com/labs/sil/projects/lyra2/

W World Labs <A NVIDIA.

52



https://marble.worldlabs.ai/
https://research.nvidia.com/labs/sil/projects/lyra2/

Video Generalas

Vilag modellek — Quo vadis?

* Tovabbra sem kénnyuU az id6- és térbeli
konzisztenciat biztositani videdgeneralas soran...

* Milenne, ha direkt frame-generalas helyett 3D
geometriara alapoznank (“grounding”)?

« J6 mindségu 3D (plane 6sszetartozo 2D-3D
adatok) adatok sajnos nem nagyon allnak
rendelkezésre...

» Szintetikus adatokat persze kdnnyUl generalni
(pl. jatékokbdl, szimulatorokbol)...

computer vision

* Nyers képek/videdOk ellenben szinte vegtelen

. . : (i Erdekes vitaindito iras:
Irgseggrz/’l’%?gben rendelkezesre allnak ( bitter https://www.vincentsitzmann.com/blog/bitter lesson of cv/
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Kovetkezo eloadas:

3D Geometria

« 3D geometria reprezentacioi
« 3D adatok gyujtése, mérése

» Konverzio reprezentaciok kdzott
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