

http://www.hiascend.com/

ERIRIE : SORA MR & FAIR SRS
FARZEN : SORA EEHIASA & I|E77FE

—L&R% | EONEER & mhiaTul

BUILDING A BETTER CONNECTED WORLD Ascend


http://www.hiascend.com/

SORA it

BUILDING A BETTER CONNECTED WORLD Ascend 3


http://www.hiascend.com/

P 2:|:
L 4
‘élllblU\—n https://openai.com/research/video-generation-models-as-world-simulators

. ABL:
BRASFFOMDSIREMINERY , XFHFEMMBIEY & , BInT (R ESL , FH BT ;
SFFEET SN + M ASGREE | —EESEEIRSA , ARSEEABREEA T ;
2. WARL:
BASREYE =S [BIRT(EJER ( Spacetime patches ) , {3 Diffusion Transformer {E9FETFMZR5E4E ;
BT EUREEEYE/9 lower-dimensional latent space , AISXIFARR T, BYE. DHEREIEREEN ;
3. EUETIEE -
{83 DALL E 3 TS ATRE ;
FF GPT4 BRFMARERRRE , § RASFHETAE ;
4. EHifth:
YIIEZZ BT EERE | ISR SR | SHEIENT AR

4 Huawei Confidential. Ascend www.hiascend.com



http://www.hiascend.com/
https://openai.com/research/video-generation-models-as-world-simulators

SORA 1AM

BUILDING A BETTER CONNECTED WORLD Ascend 5


http://www.hiascend.com/

6

EESERRES

SORA SRR

Huawei Confidential. Ascend

longer detailed captions : LLM {ft{t, Prompt

IR

Re-captioning : Text-Video Pairs #iE&E

Native aspect ratios : [RA{IST)I%k

5 Stable Diffusion X5l

1B |45

Diffusion i)||&JRIE

LLM Ki&8d

ViT : Vision Transformer

DiT : Diffusion Transformers

IR EEHE

DALLE 3 : Text to Images

CLIP : Contrastive Language-Image Pre-training

VAE : Spacetime latent representation

www.hiascend.com



http://www.hiascend.com/

7

SORA 1REIHS

SORA tREIEMIA]LAZRTN -
SORA = |VAE encoder + DiT (DDPM) + VAE decoder + CLIP]

Clean Video

-

" Pixel Video Space

Encoder

Decoder

\

Spacetime Patches

4 Lower-Dimensional Latent Space

Latent Space

>

Diffusion Transformer

1

( .
b= 9
(o]
A
2119 | | Multi-Head
o= Attetion £
5
2
(o]
S/

Huawei Confidential. Ascend

1

4 Conditioning )

LLM GPT-4

Text

Images

LLE

Prompt


http://www.hiascend.com/

SORA 1=83)IIZ5ifitE

Stepl : {88 DALLE 3 ( CLIP ) IBNMAFIEUZEXT <text , image> BAFRFCE ;

Step2 : FUTEHEY] D /9 Patches 81T VAE JRiBES/E4apk(RET BRI ;

Step3 : &7 Diffusion Transformer NEGIEN R , STAAM X ANE N EIEIGIE SH TIRET ;
Step4 : DiT ERXAMKAETEFRT |, BT VAE LSS IRE G ERAIIIREHE ;

" Pixel Video Space N Lower-Dimensional Latent Space N ( Conditioning )
@ Spacetime Patches Latent Space
ks L 5 LLM GPT4 |<—{— Prompt
c
> Diffusion Transformer
¢ : ;
()]
o 5 . o f_é [ Images
Phin 0 e " < | | S || Multi-Head
ikl 2 o al | = Attetion S 1| ¢ | DALLE3
O e D : :E L] Ii,
Clean Video (L -EE;/
&) \ J
. J J

8 Huawei Confidential. Ascend


http://www.hiascend.com/

{&853)I|2: Denoising Diffusion Probabilistic Model , DDPM

HF¥ 518 Diffusion Model HF Diffusion Transformer

¥ PikalLabs G OP*;';Q{

A\ Midjourney

9 Huawei Confidential. Ascend


http://www.hiascend.com/

@ t=mig : i EiEs DDPM

q(x¢|x¢—1)
©g — @@z~ @

Figure 2: The directed graphical model considered in this work.

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xr ~ N(0,1)
2: Xo ~ q(xo0) 2: fort=T,...,1do
2- t~ E{;l(l(f)orlf)n({l’ .-, T}) 3. 2~ N(0,I)ift >1,elsez =0
. €Enrv 3 —
5. Take gradient descent step on 4 X1 = \/% (xt - \}ﬁee(xt,t)) + 02
Vo ||€—€9(\/6_¥th—|—\/1 —&te,t)||2 5: end for
6: return xo

6: until converged
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Figure 2: The directed graphical model considered in this work.

Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: xr ~ N(0,1)
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