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https://openai.com/ko-KR/index/sora-2/

Intro

Video models are zero-shot
Iearners and reasoners

Thadd#us Wiedemer®, Yuxuan Li, Pau ol, Shixiang She , Nick Matarese, Kevin Swersky, Been Kim,
:u' 0s*

TL;DR

Veo 3 shows emergent zero-shot abilities across many visual tasks, indicating that video models are on a
path to becoming vision foundation models—just like LLMs became foundation modeis for language.

Perception Modeling Manipulation

https://video-zero-shot.github.io/

Reasoning

B2 X0| X Z A (Zero-Shot) S2/9/ &8

1.X| Z}(Perceiving)
>H 28, AKX LXK

2.2 43 (Modeling)
->Understanding physical properties,
Simulating tool use

3.=% (Mampulatlon)
->0IUI7(|/’“E“I Ml 3D U X XZE

=

4.3 E (Reasoning)
->012 &7|, =2| ¥ 24 siZ

=Emergent CapabilitiesS E& 2= & HIF
B2 59/ foundation modelS/ 5&


https://video-zero-shot.github.io/
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Latent diffusion transformer

Image
(3,256, 256)

Unpatchify Predict
(4,32,32) Noise

VAE ___, lLatent

Image
(4,32,32)

(3,256, 256) " Encoder

Noise + s Patchify
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Latent diffusion transformer  -biffusion mode

Forward Process

Reverse Process

Forward Process: adding gausian noise
Reverse Process: denoising process



Latent diffusion transformer  -biffusion mode

Forward Process
!

X7T-1 XT

-
Reverse Process

Distribution of the Since q(xtlxt—l) = N(xtlmxt_l'ﬁtl)

noised images Output Mean y, Variance X,
\

— i l —
q(zt|zi-1) = N@ V1= Bz, |Be])

Then x, = /1 — Bpxi_q + \/ﬂ_te where € ~ N(€|0,1)

Notations: Xt = 1/(tho i d — L€
t :time step (from 0 to 7)
x( : a data sampled from the real data distrition g(x) (i.c. xo ~ g(x)) Wh ere € ~ N ( Gl 0 1)

)

B; : variance schedule (0 < 8, < 1, and f = small number, f7 = large number)

I : identity matrix C_(t = l¢=1 a; and a; = 1l- ﬁi



Latent diffusion transformer  -biffusion mode

Forward Process

<

Reverse Process

p(xo.T) ]

lo x) > E lo
gp(z) > q(w1:T|w0)|: gq(ml:leo)

T
= Eq(a1|a0) [log po(@o[x1)] — Dxcr(g(@r|20) || p(21)) Z[Eq(mtlmo) [Dxcr(q(@e—1|2s, o) || po(®e—12:))]

reconstruction term prior matchmg term denoising matchmg term




Latent diffusion transformer  -oiffusion model

p(Zo:7) ]

logp(x) > Ey(p, . [lo
gp(x) q(z1.7|®0) g(I(wl;leo)

T

= Eg(a|20) [log pe(xo|z1)] _pKL( q(zr|z0) || p(:cT Z Eq(x:|zo) [Dxr(q(x:—1|xe, x0) || Po(Xt—1]|T¢))]

~~ <0
reconstruction term prior matching term denoising matchmg term

Reconstruction term : step 12t 02| X}O|
Prior matching term: step T2} 7+ A|QF £ 9| X}0|

m x7 -t .
SECHAAXT TS RIEX| =271 510 time step tOfl A

LO|=et MM L O|=X}te| MSE
termit €2 X[ X2 +EHE

Lsimple =L [”69($t7 t) o 6”2]



Latent diffusion transformer  -biffusion mode

Forward Process
XT-1 XT

<—
Reverse Process

2. 44 31 (Inference Phase): Z2{|2| AlE 2 2H4

Yo ehile] SEE HaE 29| 6l §8310] WY Lo|X0|M HIIHoR MRS H|CIRE K= 2L

1. 23 21 (Training Phase): 0| = 0| 8t&

3 Chfle] S EE= 20| ole| 2 E! MEN(L)0IM o|=2| Hi|(c)E HEHs| of|E5H= Z4YLICt. o] 2Py o,
EEYE A T U gies Bl 1. AISE 248 wO|Z7} B2 MEH(T)2] *+248) 0| (7)ol HWBILICY
1. AIE R ojoje] Mej: ¢ = 186 ¢t = 1000 At0|2] Yol2| AlZHE)E PAI9I=Z MEfgiL|Ct 2. WHM M @A EZO|L YAE TETEE AdalN H50] FYUs10Y, CI%=0/Z0| /s FH|LE AE}

Y Yo UYe|=] RE@LICL @
3. YHEX 0= H|H:
o Of|F: 3x AH(H)0IM DITE **H&| 0| =(ep)** & OIFRLICL
3. 2WOA: Diffusion Transformer (DiT) & LUE EIOIE (2% 22 BL(BA~ £2 )8 o WA ISE TA O|XE 8 vio] Cf WK 2, ANGI7E et oHist HIGEIEE ZojLfo] f
AdaLN EEC= FYWOt **0l|5 0| X(ep)**E SBILICL @ DOl *z, 2 OISBLICL @
4. T|S¥ 9 E3: ~[HE 0| X(e)]**2 ** [0S L0|X(ep)]**2| X10|(Loss)E HIAHst0{ @Ho| Tfata|e] o ghErt — 1 AEHOIN CHA| 0| = Ol F3tD MAH3H= S T — 07| ghsgiuict. o] Haxel

8 SHBILICH SE8 Tl ¢ — 12 7 ST WS BHEsx| 9D, WRSH AIZ ()OI ol =et 3 % SRR G A (Clolof- P ol e s e el
ELE $240| ZELICE @ 4. 2F "YU ¢ = 00 =E3}0] MRHT Fx GIOIEI(2) & VAE CIRC{0| E2HAI 1B H|CI(LY)E &
- ’ sec o

2. 2H &H: ¥2 BICI2(z0)E VAE ARG 2 F S7Hzo)oll PF8 7, ME AIZHE) 0l sHeshs ~*FE
=0|=(e)**& 410 **HE HA CIOIE (z,)**& 2HELICE @



Latent diffusion transformer -Latent biffusion model

VAE Encoder

Latent Space
f E I ' . I—{ Diffuston process |——1 I . I
i z.:t

Denoise Transformer
» Bu| NEuliia
Sequence) : N, A

Conditon i I
VAE Defoder 4 < adal N-Zero

S eSS S e
[ IbwcA; [_;iTV T}

= ‘_ Transformer block
g )
| | 5 =P e —*PZ.: =
il model : 1 >z é ! (ovrcar Z !
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Latent diffusion transformer  -tatent biffusion model

-LDMOj| At E|+= LDM Encodere
Y 4d 22 VAE ZE2|

Encoder2} SA}

Generator

G(z)

Discriminator

D(x)

GAN: A_ti\(ersarial x/ X
training

VAE Encoder 2 2 2latent spaceZ
O|0|X| £ &= -> C|ZEHZ O[O|X]|

> BRI
Z Decoder ’

po(x|2) e o
CNN 7|'E’J O|0|X| featureS ZEtH

ofl Al f=otu AHEH0[1 UH =N

Encoder
q4(2(x)

VAE: maximize X |—»
variational lower bound

oF=x
; = _-'1_7 |' o
Flow-based models: x ;;m;: z nll:ezs)e x’
Invertible transform of X z .
distributions DZE O|O|X| 4d gt

From https://lilianweng.github.io/



Latent diffusion transformer

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Discriminator

D(x)

Generator

G(z)

Flow

Inverse

f(x)

From https://lilianweng.github.io/

(=)

-Latent Diffusion model

-VAE 2 29| OIAGQ} FA}

Transformer 7|t Diffusion¥| M=
token =0l CHsH AAHZFO| O(N2)O| 2
2 VAE Q1AL E Soff ALtz A

-semantic information2t E7|1
= Z 23t high-frequency detailZ |
A

Example)
ALZL:
256x256x3 -> 32x32x4

=G4k

[16, 256, 256, 3] -> [16, 32, 32, 4]
(=2 == M), =0l (H), HEl W), M2 (O]



Latent diffusion transformer  -tatent biffusion model

Reconstructed
INpUtl«------------cmmeeeeeeeas Ideally they are identical. ------------------ > input

x~x

Bottleneck! ; ;
Encoder Decoder ;

S
3

Sample A Sample B Sample C

X >
—

An compressed low dimensiona! El l.l:rell Wc[pro{):si llo vlnsuallly c(;plam \dl’ldll())ndl u:ucnc:x!erxi

. ¥ . : . “ach element in the latent vector (here z; — z3) can be explained

representatlon of the InPUt' Latent Space Vlsuallzatlon separately with our attention maps, visualizing consistent explana-

tions across different samples.

3 3 Attention mapg 3} X7
A3E ALZ

VAE Encoder= Latent spaceOf| A= £7Z1} featureg & &2 &xd



Latent diffusion transformer -tatent biffusion transformer

Published in Transactions on Machine Learning Research (03/2025)

Latte: Latent Diffusion Transformer for Video Generation

Xin Ma'f, Yaohui Wang?®*, Xinyuan Chen?, Gengyu Jia®,

Ziwei Liu?, Yuan-Fang Li', Cunjian Chen' Yu Qiao?

'Department of Data Science & Al, Faculty of Information Technology, Monash University *Shanghai Al Laboratory
3Nanjing University of Posts and Telecommunications *S-Lab, Nanyang Technological University

Reviewed on OpenReview: https://openreview.net/forum?id=ntGPYNUF3t
-Latent Diffusion transformer2| O} |HI 2= ¢ =22 &%

-SlLt 9] =&E2 Soralt veoX AN HZE2 YULEZ =F0A HA[St= Sy O
9N ?lF2 gag



Latent diffusion transformer -tatent biffusion transformer

(video)

-compression frame patch embedding

Compression Frame
Patch Embedding

»
v

(b) compression frame patch embedding

Transformer= A|#A 7|8t REIO|E £ patch embedding0| 2+&



Latent diffusion transformer -tatent biffusion transformer

(video)

-Uniform patch embedding

(a) uniform frame patch embedding

CHYot I X| embedding 7|8 0| EX{gt



Latent diffusion transformer -tatent piffusion transformer

1. 3 1} (Training Phase): '£0|= 0f|% &}
Forward SDE (data — noise) &t

III>

Ehle] SEE= 20| Yolo| AE HEH (1)l ol=2| Hi(c) & Was| o|Fshs ALt o 2L
ch 3l

Recap of x(0 )\— dx = £(x, t)dt + g(t)dw x(T) =889 e o v gacz Bt

i ; 4 1. A % GI0[E] Me: ¢ = 15E{ ¢ = 1000 At0[2] olo] AlZHE)E PESIZ Meyh|Ct,
diffusion - — : LE : I’ % cijo]Eq Me 1 000 Atol2| ioje] AjZHE) & St Ick

model ! " "ES ¢

2. 2H &H: Y= H|C|2(x)) S VAE Q1202 T 27H(zo)oll LS8t I, MeYE AIZHE)0| SiTtsts **HE
0| = (e)**& 0] **HE T GIOIE{(2,)**& Tt

sLct @

3. BYOlH: piffusion Transformer (DiT) &= QAUE GIOIE|(z)2 = HE(B2HA E2 )2

score function = AdaLN BEOE F0} **0)% kO0IX(eg)* 8 FALLICE @

dx = [f(x,t) — ¢*(t )& log p; (x)| dt + g(t)dw —{g(T)

o

o
El

1= Q! ZA: **[HE LO0I=(e)]**2 **[0]F 0|=(ep)]**2| XI0|(Loss) 2 7|Lt504 2| nt2tolE

. 2 SHHLICH SHEY Ul £ — 12 JHs S8 S HHEsIA 9D, R AIE(4)OIA 0| x0t & 3
Reverse SDE (noise — data) - 2, ElOL %
FEE 200 EYLCE @

Adaptive

Feed-forward network:
after taking information from
other tokens, take amoment to
think and process this information

Decoder- attention:

ahor taking information from
target token looks at the source

other tokens, take a moment to
think and process this information

self-attention: —
tokens look at each other

Decoder self-attention (masked):
tokens look at the previous tokens




Latent diffusion transformer -tatent piffusion transformer

P & BN R « d A &

®
N

\EaET A E
\ Eamm \EmREE

€———— Patch Tokens (Spatial) € Patch Tokens (Temporal) =—- ..‘.:.,.)

H|C|R0|B 2 A|Zt51F 3750 CHsl A spatial & temporal attention T2} Of &t



Latent diffusion transformer -tatent piffusion transformer

Adaptive
Layer Norm

Feed-forward network:

after taklng [nformation from Transformer Encoder Layer
other tokens, take a moment to
think and process this information

T

) Nx
r self-attention: —_|
tokens look at each other

Add & Norm

Transformer Encoder Layer

Add & Norm

Transformer Encoder Layer

Transformer Encoder Layer

———

. . |
Posﬂpna\ ~:.) Patch Embedding Block|
Encoding —

Input

Embedding

Inputs

7|& O|0|X| Dit2t CtE A video modelH A= A|Zt(frame) Z0| A AHSHF OF &t

class representation (il LIS 2 ZLE 2 H|Z S St text
representation2 = U3 ™ text to video generation 2 & Jts



Latent diffusion transformer -tetent biffusion transformer

-AdaLN(Adaptive Layer Norm zero in image transformer)

Transformer Encoder Layer

Transformer Encoder Layer

Transformer Encoder Layer

Transformer Encoder Layer

Patch Embedding Bloﬂ

g

Adaptive
Layer Norm
Zero

Timestep
Representation

+ — MLP

Class
Representation

(video)

Class Representationd} Time
A0

step representation®| st&2 &
of 40| ol Setd= &

= T
(o]
ULF
100 Q —8— XL/2 In-Context
XL/2 Cross-Attention
\\
80| @ \ XL/2 adaLN
\ ®— XL/2 adaLN-Zero
.\\
60 o
Multi Head Attentio—n1 \ B,
e S
4 T
0 E L —
e
b @
20 * ® |
100K 200K 300K 400K

Training Steps



Latent diffusion transformer

-AdaLN(Adaptive Layer Norm zero in video transformer)

Unpatchify Block

Transformer Temporal Layer

Transformer Spatial Layer

Transformer Temporal Layer

Transformer Spatial Layer

Transformer Temporal Layer

Transformer Spatial Layer

Patch Embedding Block
;@ ]
|

Variant |

Timestep
Representation

+ —————— MLP

Class
Representation

Multi Head Attention

LayerNorm

Input Shape
(Batch * Patches) x Frames x D

Input Shape
(Batch * Frames) x Patches x D

-Latent Diffusion transformer
(video)

ClFH EAZN REHOME

At Sk

Class Representationg & 25
Al7|H 450] Ol SetdE &

% 9.

—Variant 1
---Variant 2
---Variant 3
---Variant 4

FVD¥
3 3z ¥ 8 g ¥

50k 60k 70k 80k 90k 100k 110k 120k 130k 140k 150k
Training iterations

(f) Model variants



Veo3 / Sora Report



Video Generation Architecture - Sora

/" Pixel Video Space R @ Lower-Dimensional Latent Space Y Conditioning )
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Diffusion
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mer Block
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QT L / \ mages or vide me /

\ Decoder
&

Figure 4: Reverse Engineering: Overview of Sora framework

https://openai.com/index/video-generation-models-as-world-simulators
https://j-gi.medium.com/openai-soras-technical-review-a8f85b44cb7f - OpenAl Sora’s Technical Review



https://j-qi.medium.com/openai-soras-technical-review-a8f85b44cb7f

Turning visual data into patches - Video Compression Network

Characteristics of Sora
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Characteristics of Sora

Turning visual data into patches - Spacetime Latent patches

!

o
Ui

0

|.

=)
=

Ho=z

Spacetime Latent Patch: SoraJl HIC|2 GIOIEIE &

Video0f

i

=
—

time-axis

i
—
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Xl
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Characteristics of Sora
Compression Structure based Latent Space (based on open-sora)

[ Raw Video Input }

[B,C, T, H W]
VAE Encoder
(Frozen)
l def pack(x: Tensor, patch_size: int = 2) -> Tensor:
return rearrange(
Latent Space | X, "b c t (h ph) (wpw) => b (t h w) (c ph pw)", ph=patch_size, pw=patch_size
[B,C, T, H, T’] )

2 ol 21X

einops®| rearrange & & 0ll Wtk (t, h, w) S, It JHE
— Al2F =KX, = framel =AE RXIE & H =AM MEHE

Patchify / Packing

Spacetime Latent Patches
[B, (h *w *T), (C"* ph * pw)]

H’=h *ph, W=w * pw

https://openai.com/index/video-generation-models-as-world-simulators
https://j-qi.medium.com/openai-soras-technical-review-a8f85b44cb7f - OpenAl Sora’s Technical Review



https://j-qi.medium.com/openai-soras-technical-review-a8f85b44cb7f

Characteristics of Sora

Turning visual data into patches - Spacetime Latent patches

Image (VIT J| &) Attributes Video
2D GIOIY XH& 3D
St WX 24 32+ AlZH
(Hx W) dim & (HxWxT)
2D VAE Encoding Structure 3D VAE
2D grid attention Attention & % 3D (spatial + temporal)

Latent Patch H| 1! (Image vs Video)



Characteristics of Sora

Text — Rich Captioning based Training

J|Z Video Dataset - Caption0| LR B US

— DALL-E 32| re-captioning & 4! = video |
HE

— GPT-4Z highly descriptive re-captioner=
train Al4 M “Descriptive Caption”2 M & M4

Betker, J. et al. (no date) “Improving Image Generation with Better Captions.”

A bird scaring a scarecrow.

wingspan swoops down from the sky, let-
ting out a piercing call as it approaches
a weathered scarecrow in a sunlit field.
The scarecrow, dressed in tattered cloth-
ing and a straw hat, appears to tremble,
almost as if it’s coming to life in fear of
the approaching bird.

A person is standing at a pizza counter,
holding a gigantic quarter the size of a
pizza. The cashier, wide-eyed with as-
tonishment, hands over a tiny, quarter-
sized pizza in return. The background
features various pizza toppings and other
customers, all of them equally amazed by
the unusual transaction.

Fa¥ et
A smafml vessef epropoeilled on watvewr
by ors, sauls, or han engie.

A small vessel, propelled on water by
oars, sails, or an engine, floats gracefully
on a serene lake. the sun casts a warm
glow on the water, reflecting the vibrant
colors of the sky as birds fly overhead.

Figure 6 — Effect of using "upsampled" drawbench captions to create samples with DALL-E 3. Original drawbench
captions on top, upsampled captions on bottom. Images are best of 4 for each caption.



Capabilities of sora

Animating DALL-E images
- OI0IXIE Z 43t (Image-to-video) ot= =&



https://docs.google.com/file/d/15q56ThgPeAdUisrU8P1X6Na29s0-w3Dg/preview

Capabilities of sora

Extending generated videos

otLtel =2 HILILE E=HotH,

HQ

=z &

rir

Sora LI = Transformer =0 A Ol &/0/= 222 0=ot0 0|0 E0l= iz HEUE 2= =S


https://docs.google.com/file/d/1qcrNxL7qL_blndutXmphhBZY8DmoKy3Z/preview
https://docs.google.com/file/d/1xhL2JPZkl5TQ85G31iEmCIWCTHRyJOps/preview
https://docs.google.com/file/d/1jCon8ADCC3ceMjXCN7Gx1CiphO-dpkZt/preview

Hot=

£
rton
ol

HICILZ ¢

[0

& ME

jo

Capabilities of sora

rio
0X

Video-to-Video editing
S IPNTp

&= ot

O
—

JIE HBILILE
s.
ideo Style Transfer + Video Rewrite



https://docs.google.com/file/d/1UdP_GSrg9gLQg5GJUv_JPHoc_zjMmrTN/preview
https://docs.google.com/file/d/1ZFN9eUm62rV3MzRsgT_OxqP1vnAmQ40c/preview

Capabilities of sora

Connecting videos

latent Al 2 A Q] =2+ 2k

olad
= M
—
o

Jt

0x H-ﬂ

2490 ‘A->B"H3E AEHASH
latent E2 AR AE MHG


https://docs.google.com/file/d/1D5Bv_ByiHbOhlpSTgL0amdarm10KU-UU/preview
https://docs.google.com/file/d/1fhIoZPopOqBssbqWW97GIlXVv0TGKmzQ/preview
https://docs.google.com/file/d/1L6vIgZpUFkyOp9cEMAD8ajALTuhjWSdy/preview

Characteristics of Veo3

Latent Diffusion
Model

Noisy Compressed
Video and Audio

Timelapse (of a

— UL2 Encoder

Compressed Video

and Audio

Encoder —

Video Audio Output

Decoder J

A high-level diagram of Veo



Characteristics of Veo3

Chain of FramesO| &t

o Frame= =AMUZ MHENWAE= ZHE =2
2t==
o 3JtAl Reasoning Task= & Jt Al &

e LLMS| CoT(Chain of Thought)2| Ot0O|C|H £ Vision Domain2 2 JIHLd &=
A&

-4

oz SlULIte =8 HE2=

e

o LLMOIAH SHE oljZol= 82 &2 HAHE BAIEOZ ‘='O4 Lt
A”7-6|‘_‘|:_E O =l %Ftél (%X‘” 6HDE;| El-j:” C1l 11 faY || T“oe
Question
(Query) Step 1 e o o Step N Answer
Chain of Thought
Start - Goal
Erame Frame 1 e o o Frame N Frame

Chain of Frames



Characteristics of Veo3

Chain of Frames

5x5 Grid 7x7 Grid 9x9 Grid

"

Irregular

y

Pass@k %

rrrrrrrrria
6 7 8 9 12345678910
k k k

Model

—eo— \eo 3 —e— \eo 2 —e— Nano Banana -e~ Gemini 2.5 Pro 12T e+ Gemini 2.5 Pro T2T

L 4 /| T/

Veo 2t illegal moves2 2 &2 0|2 XF o & X, Veo 3= 5x5 12lE UM pass@10 78%E &4
=0l irregular mazeOil M veo3Ct0| =20l &1t — CoF A& =22 =J| &l = ofLt

/] T T

Maze Solving: Z2t& 20| H= JIZX 2K ) =2 AXN(Z==EM #)=2 0|=ollOF ot= Task



Characteristics of Veo3

Chain of Frames

Original image

Shapes
Generated frame (Veo 3)

Original image

Random patterns
Generated frame (Veo 3)

e

R
lr_“ -
| —

e S

Best frame Last frame Best frame Last frame
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80 — 80 — go o / 80 —
2
g 60 = 60 = 60 = 60 =
" . 44
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| S— — ) = | — 1T
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Characteristics of Veo3
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Characteristics of Veo3
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Sun, M. et al. (2024) “MM-LDM: Multi-Modal Latent Diffusion Model for Sounding Video Generation,” ACM Multimedia [Preprint]



LVM(Veo 3)’s four hierarchical capabilities
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LVM(Veo 3)’s four hierarchical capabilities

Perception

o [(&etI|=CV EIA MZAF +=2l: Edge Detection, Segmentation
o LLMBEIR:GPTII 28, &0 20], 28 X E Oldoidct= 20 23,
o LVM2 20| HEXOI AL 'S LE'Z M 2SI s &,

Edge detection Segmentation
https://video-zero-shot.github.io/


https://docs.google.com/file/d/18EWlDV3AzwnGBX3XB6oSNIvFUeWyWWx1/preview
https://docs.google.com/file/d/1Zzayvr_nLxBpXJlzrFBMtxm3aG7AoOcd/preview

LVM(Veo 3)’s four hierarchical capabilities

Modeling
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Object Packing

https://video-zero-shot.github.io/


https://docs.google.com/file/d/17dGxcGe-UUrK2MooqLSoHrTN39sKg0fG/preview
https://docs.google.com/file/d/1hxq7Rjudx32X-zdTbJXTiDJNmiNKD48c/preview
https://docs.google.com/file/d/1aFx4_lRtikXtayrf9YEw1yFq_Ey1Tkhr/preview
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https://video-zero-shot.github.io/


https://docs.google.com/file/d/1oMpP2MAL6FKkWHfBKA3T6_ZwXv12Z7pQ/preview
https://docs.google.com/file/d/10rLrtFe4XXL6OuxrpvpyRv0cvnNaWDmF/preview

LVM(Veo 3)’s four hierarchical capabilities

Reasoning
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https://docs.google.com/file/d/1hU-I3yarppMyV1i_Po9CMPbox22Kj4Pd/preview
https://docs.google.com/file/d/1PXkNGu24RhIclIuujNyQIYtR6hWq19IU/preview
https://docs.google.com/file/d/1BXomG3K9Ugh3TTvFedGC6lSmM6gfRKnT/preview

Applications



Applications of Video Generation Model

@ Sora =) %%’

Education Gaming Healthcare Robotics
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® Film ® Personalized ® Dynamic ® Anomaly ® Enhanced
production content content identification perception
® Movie ® |[nteractive ® Realistic NPC ® Medical image ® Real-time path
manipulation learning behaviors analysis planning
® Animation ® Visual ® Customizable ® Surgical ® Motion
creating representation skins simulation prediction

Figure 18: Applications of Sora.

(3) The Need for Interdisciplinary Collaboration: Ensuring the safety of models is not just a technical
issue but also requires cross-disciplinary cooperation. To address these challenges, experts from various
fields such as law [131] and psychology [132] need to work together to develop appropriate norms (e.g.,
what’s the safety and what’s unsafe?), policies, and technological solutions. The need for interdisciplinary
collaboration significantly increases the complexity of solving these issues.

https://www.oxen.ai/blog/road-to-sora-reading-list?utm_source=pytorchkr



Applications of Video Generation - Movie
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https://youtube.com/shorts/4VALgDNeWMQ7?si=Ic_Pfiu-crzLo_W9


http://www.youtube.com/watch?v=4VALgDNeWMQ

Applications of Video Generation - Movie
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https://www.oxen.ai/blog/road-to-sora-reading-list?utm_source=pytorchkr



http://www.youtube.com/watch?v=B-lfTmZp1DE&t=10

Applications of Video Generation - Movie

Al Platforms & Assistants

This movie is fully Al-generated and has a
fu”y SAG-AFTRA caSt - here’S 3 things you fr?;:i:;:;i‘;:tz:::':;momXProduction-Echo Hunter
need to know about Echo Hunter AR BITRT

m By Eric Hal Schwartz published May 31, 2025 fr:aﬁtom X

Virtual films made real LAt
Made with the tools inside Arcana Labs: https://www.ar alabs o-hunter
00®OG®O P e
In a world where the elite harvest clones for spare parts, a relentless hunter begins to question his mission while confronting his forgotten past. He'll have to choose

between duty and a devastating truth.

When you purchase through links on our site, we may earn an affiliate commission. Here's how it
works.

Starring -
Breckin Meyer, Taylor John Smith, Danielle Bisutti, Hanna Balicki, Gedeon Burkhard and Xander Bailey.

Executive Producer - Jonathan Yunger
Producer - Mike J Mitch

Music Composed By - Miguel Johnson
VFX By - Sav

A KAVAN THE KID FILM

| HUNT:

BRECKIN MEYER TAYLOR JOHN SMITH '\ DANIELLE BISUTTI
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(Image credit: Echo Hunter)

https://lwww.techradar.com/computing/artificial-intelligence/this-movie-is-fully-ai-generated-and-has-a-fully-sag-aftra-cast-heres-3-things-you-need-to-know-about-echo-
hunter



Applications of Video Generation - Gaming

Prompt: The video shows a first person perspective of
someone navigating difficult terrain in the middle of a
volcanic area.

This is a real world video shot from the perspective of
a wheeled robot that needs to traverse across a
terrain.

The vehicle has chunky offroad tires that crunch under
the blackened rock.

The camera is an egocentric camera mounted to the
vehicle, and you can see the front tires just on the
bottom of the camera along with the body of the robot.
In the distance you can see smoke and lava flowing
from the volcano.

There are no other visible signs of life.

There are lava pools that the agent is trying to avoid
and random rock formations.

The sky is a vivid blue.

Deepmind Genie 3 - Image + Prompt — Interactive world &4
HE HA= UM/ &Eol= A“édoi HE Aol x|

Real-Time Interactivity + =2 224 — J|&

https://youtu.be/PDKhUknuQDg?si=0JbQhv3FWUei2MHC
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https://docs.google.com/file/d/1crXmi9L-opjlsAp05wNvcEcLzGd_5ITy/preview

Applications of Video Generation - Gaming

https://youtu.be/PDKhUknuQDg?si=0JbQhv3FWUei2MHC

Prompt: A vibrant 3D style, an adorable, fluffy
creature bounding across a vibrant rainbow
bridge in a fantastical landscape. The
creature is small and compact, with fur that
mimics the warm hues of a sunrise —
oranges, yellows, and pinks blending
seamlessly together. Its most striking feature
is a pair of large, perked ears, shaped like
those of a German Shepherd, adding a touch
of playful contrast to its otherwise rounded

form. As it runs on four short legs across the


https://docs.google.com/file/d/1U3pMUpakDqfn8Jl8AaqH_LhPscyNrXEL/preview

Applications of Video Generation - Robotics

Context + States 3 Generation 3 Evaluation

https://youtu.be/9Uch931cDx8
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http://www.youtube.com/watch?v=xPX6dDRYbV4

Road to World Model

August 5, 2025 Models

Genie 3: A new frontier for
world models

February 15,2024

Video generation models
as world simulators

https://deepmind.google/blog/genie-3-a-new-frontier-for-world-models/
https://openai.com/index/video-generation-models-as-world-simulators/

World Model: 9IAELL OIDIXI & E0l & MAHS
SclH g3, B2 A2 4E5/E S 0[5t
ANEdoldeg = JALE =5 L2 0l8 2

A key stepping stone on the path to AGI

- Make it possible to train Al agents in an
unlimited curriculum of rich simulation
environments.

-  Generate new environments for agents

Common Direction

- Google Deepmind, Openai sora 25
World model£ XIZELZ 6t US


https://namu.wiki/w/%EC%96%B8%EC%96%B4%20%EB%AA%A8%EB%8D%B8
https://namu.wiki/w/%EA%B7%B8%EB%A6%BC%20%EC%9D%B8%EA%B3%B5%EC%A7%80%EB%8A%A5
https://namu.wiki/w/%EC%9E%90%EA%B8%B0%EC%A7%80%EB%8F%84%ED%95%99%EC%8A%B5
https://deepmind.google/blog/genie-3-a-new-frontier-for-world-models/

