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@E . Sorais a text-to-video generative Al model, released by OpenAl in February 2024. The
model is trained to generate videos of realistic or imaginative scenes from text instructions
and show potential in simulating the physical world. Based on public technical reports and
reverse engineering, this paper presents a comprehensive review of the model's background,
related technologies, applications, remaining challenges, and future directions of text-to-
video Al models. We first trace Sora's development and investigate the underlying
technologies used to build this "world simulator”. Then, we describe in detail the applications
and potential impact of Sora in multiple industries ranging from film-making and education to
marketing. We discuss the main challenges and limitations that need to be addressed to
widely deploy Sora, such as ensuring safe and unbiased video generation. Lastly, we discuss
the future development of Sora and video generation models in general, and how
advancements in the field could enable new ways of human-Al interaction, boosting
productivity and creativity of video generation.
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Figure 2: Examples of Sora in text-to-video generation. Text instructions are given to the OpenAl Sora
model, and it generates three videos according to the instructions.
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Table 1: Summary of Video Generation.

Model name Year Backbone Task Group

Imagen Video[29] 2022 Diffusion Generation Google
Pix2Seq-D[160] 2022 Diffusion Segmentation Google Deepmind
FDM[161] 2022 Diffusion Prediction UBC
MaskViT[162] 2022 Masked Vision Models Prediction Stanford, Salesforce
CogVideo[163] 2022 Auto-regressive Generation THU
Make-a-video[164] 2022 Diffusion Generation Meta
MagicVideo[165] 2022 Diffusion Generation ByteDance
TATS[166] 2022 Auto-regressive Generation University of Maryland, Meta
Phenaki[ 167] 2022 Masked Vision Models Generation Google Brain
Gen-1[168] 2023 Diffusion Generation, Editing RunwayML
LFDM[140] 2023 Diffusion Generation PSU, UCSD
Text2video-Zero[169] 2023 Diffusion Generation Picsart

Video Fusion[170] 2023 Diffusion Generation USAC, Alibaba
PYoCo[34] 2023 Diffusion Generation Nvidia

Video LDM|[36] 2023 Diffusion Generation University of Maryland, Nvidia
RIN[171] 2023 Diffusion Generation Google Brain
LVD[172] 2023 Diffusion Generation UCB

Dreamix[173] 2023 Diffusion Editing Google
MagicEdit[174] 2023 Diffusion Editing ByteDance
Control-A-Video[175] 2023 Diffusion Editing Sun Yat-Sen University
StableVideo[176] 2023 Diffusion Editing ZJU, MSRA
Tune-A-Video[78] 2023 Diffusion Editing NUS
Rerender-A-Video[177] 2023 Diffusion Editing NTU
Pix2Video[178] 2023 Diffusion Editing Adobe, UCL
InstructVid2Vid[179] 2023 Diffusion Editing ZJU

DiffAct[180] 2023 Diffusion Action Detection University of Sydney
DiffPose[181] 2023 Diffusion Pose Estimation Jilin University
MAGVIT[182] 2023 Masked Vision Models Generation Google
AnimateDiff[ 138] 2023 Diffusion Generation CUHK

MAGVIT V2[47] 2023 Masked Vision Models Generation Google

Generative Dynamics[183] 2023 Diffusion Generation Google
VideoCrafter[81] 2023 Diffusion Generation Tencent

Zeroscope[ 184] 2023 - Generation EasyWithAl
ModelScope 2023 - Generation Damo

Gen-2[23] 2023 - Generation RunwayML
Pika[22] 2023 - Generation Pika Labs

Emu Video[185] 2023 Diffusion Generation Meta
PixelDance[186] 2023 Diffusion Generation ByteDance

Stable Video Diffusion[27] 2023 Diffusion Generation Stability Al
W.A.L.T[187] 2023 Diffusion Generation Stanford, Google
Fairy[188] 2023 Diffusion Generation, Editing Meta
VideoPoet[189] 2023 Auto-regressive Generation, Editing Google

LGVI[190] 2024 Diffusion Editing PKU, NTU
Lumiere[191] 2024 Diffusion Generation Google

Sora([3] 2024 Diffusion Generation, Editing  OpenAl
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Figure 4: Reverse Engineering: Overview of Sora framework
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Figure 5: Sora can generate images in flexible sizes or resolutions ranging from 1920x1080p to
1080x1920p and anything in between.
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Figure 6: A comparison between Sora (right) and
a modified version of the model (left), which crops
videos to square shapes—a common practice in model
training—highlights the advantages.
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Figure 7: At a high level, Sora turns videos into patches by first compressing videos into a lower-
dimensional latent space, and subsequently decomposing the representation into spacetime patches. Source:
Sora’s technical report [3].
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size patches, linearly embeds each of them,
adds position embeddings, and feeds the
resulting sequence of vectors to a standard
Transformer encoder.
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Figure 9: Comparison between different patchification for video compression. Source: ViViT [38]. (Left)
Spatial patchification simply samples n; frames and embeds each 2D frame independently following
ViT. (Right) Spatial-temporal patchification extracts and linearly embeds non-overlapping or overlapping
tubelets that span the spatiotemporal input volume.
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Figure 10: Patch packing enables variable resolution images or videos with preserved aspect ratio.6 Token
dropping somehow could be treated as data augmentation. Source: NaViT [40].
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Figure 13: The overall framework of Imagen Video. Source: Imagen Video [29].
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(a) Additional temporal layer. A pre-trained LDM is turned
into a video generator by inserting temporal layers that learn

to align frames into temporally consistent sequences. During
optimization, the image backbone ¢ remains fixed and only the
parameters ¢ of the temporal layers [}, are trained.

frames and then temporally interpolates twice with the same
latent diffusion models to achieve a high frame rate. Finally, the
latent video is decoded to pixel space, and optionally, a video
upsampler diffusion model is applied.

Figure 14: The overall framework of Video LDM. Source: Video LDM [36].
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Text Prompt Generated video

o R Em A Em o Em W M Em R A Ee A wm o

A stylish woman walks down a Tokyo street
filled with warm glowing neon andanimated
city signage. She wears a black leather jacket,

a long red dress, and black boots, and carries
a black purse. She wears sunbl asses a.nd red
lipstick. She w nfidently and 1ally
Thcstreens.: imp and reflecti ..,creanng.|
irror effect of the colorful lights.Many
pedestrians walk about.
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Figure 15: A case study on prompt engineering for text-to-video generation, employing color coding to
delineate the creative process. The text highlighted in blue describes the elements generated by Sora, such
as the depiction of a stylish woman. In contrast, the text in yellow accentuates the model’s interpretation
of actions, settings, and character appearances, demonstrating how a meticulously crafted prompt is trans-
formed into a vivid and dynamic video narrative.
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s Text Prompt Generated video
Monster Illustration in flat design
style of a diverse family of monsters.
The group includes a furry brown
monster, a sleek black monster with
antennas, a spotted green monster,
and a tiny polka-dotted monster, all
interacting in a playful environment.

An image of a realistic cloud that
spells “SORA™.

In an ornate, historical hall, a
massive tidal wave peaks and begins
to crash, Two surfers, seizing the
moment, skillfully navigate the face
of the wave.

Figure 16: This example illustrates the image prompts to guide Sora’s text-to-video model to generation.
The red boxes visually anchor the key elements of each scene—monsters of varied designs, a cloud forma-
tion spelling “SORA”, and surfers in an ornate hall facing a massive tidal wave.
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Text Prompt

Change the video setting to be
different than a mountain?
perhaps joshua tree?

(c) Videos Connecting

Figure 17: These examples illustrate the video prompt techniques for Sora models: (a) Video Extension,
where the model extrapolates the sequence backward the original footage, (b) Video Editing, where specific
elements like the setting are transformed as per the text prompt, and (c) Video Connection, where two
distinct video prompts are seamlessly blended to create a coherent narrative. Each process is guided by a
visual anchor, marked by a red box, ensuring continuity and precision in the generated video content.
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@) sora = £

Movie 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.

IRSEIMBES] . ¥ Sora #HITAMIFYIZ, BERNEREBHEBMENIEHANS I STEH. REKXEH
MR =42, (B Sora @ISR ENEEIMZERERERINE = E—BE, SEYEFAENR
NS RIBEERZE, L5, Sora RREIRINEMA Minecraft EFIFIR, TR FREENRNH
BAREES, X—RIFEE8E, XEMBIMNEEIREE, AT BASMER T LIAROtEIZ AT EEE
REL, DUSHIWIEM M F RS 71,

s BRBEIEN: BR—T, BIXFHHPE—ME, TER—EENIEER— M TENTR,
HeEE/ IR ET LB RS E NS UBISR, Sora FILUNEIZITEIE, BIRMRRMTTEE!
B, MMAKRSZAK. BEGIEANIZITTRILNET .

o WERNEB O KHILUCKE, IRHTA—HERABTHEREEMISAAIHRNIR, 87
Sora, HBEILETUBMMEREHVIMXFERMIN, T5|IZFERER, BREFIVER. M
RIEFRINEILSER], AIREME R TMRAY.



o IEBSRANAIANYE: REMEMHRIEHEEEXEE, Sora BEIRXNFHERZMNATAARNS, BHET
—TMBIFBARS . XMINEEEEEIREESEEANFE ASERRSSRNECE, HUESR
MNAFNSMAER, Flt, EAIUE— I EABSSENIFE, IS MABEINBIMINTEA
SFRY: ki

o fRHFFTHNA: Sora WNAMHIEET 2. B, EFEARAUAERGIEHIER RIEABIE)
S Ho R E A LA A ERIEKBIRRE R E G R M REE B ELE,

AfEms, UFIMTEEREE:

fZ4gi L, SFBERR—TREMBHEMIIRE, FEFBRTFNE N, RENKENKRENTER
No Fet SR E B ARNEMIUREBEGEENT — TN, NERENXEBANFEEERBR
REBRRIEERNIE, FXE, BRAREBZIEBREEMTMN, KASIEMEET REIBR LI
&

MovieFactory W ¥ BUEEL M ChatGPT HlFRUFE DI AR E R B R MASAIRIR, X2—1TMEKXE
BRo TE/a%EM5H, MobileVidFactory RERAFIREERIIXA, riatBEIEREESNRM,
Vlogger M5t A F Bl LAFIERIA— 53 #9189 Vlog.

Sora BEBEAERNHMEMSIANMHBEERNE, XEXELRINET, TEEBTHIEFREMHIXE
%l EMREAMNERT =P AAZBERABRERIEARIRE, AKERT BRATIAVEN L, 7
NEEHIESINT —MIVEE, BERNRSEHRL S AT EREDNNEIENRA—F, X
AR ZE R, ENEEEBBEZHFIIRGE, EEEEXNFHEUNMREHFMNELITER
BE, BEEMEZRE, BEEM 2.

i 337

B —HAEISREBERENIURRFARNTG A, EEFEHFNFAREERIIFNIERNIFZME
REARRE], BI BIRRENRENERDS,. SREMIANTHNEREN, FERRNERIR

B, NARARRETERQIZARTUHENRIFE, NIRRT AMERFHEEBNNRAE, X
AJREEERE AT UBIR M. SR, EERNCIREHIRE, MMERKHFREMS G
HiR, RNEMREY, —EHEREMSTmANRERERENATE, RS,



¥ Sora SEREIFLIUNE, MEEEISHLES LR IREIRRIAL, WIIHEKSITEK, HFRBIFA.
MENFRE S ERFR R, HAHKSE. EohflEV RIS H R AT 6.

EXig

REEBEMAESN, BRMYT SRR EEENERERIFYFERIALE, RitsER TR
ANERANEIERE, NRHARET. RERREHRMNAMUAMEE), X3 ERGEFELNA TR
BEEXEE, I, MedSegDiffv2 FZEEFIFA Transformer RS2 KINRE, LARIFRARERIEE D EIE
FEA, HhREEERBESMAGRAIPERELRHBHIXE, REERE.

¥ Sora &R EIImRSEE T, AXBEEREIZETMIE, CRRERHNEFZGOTREESERIBE
Th%E, RMEBEEFERMEML. A, XMEARBEUHERT —RTIHE, SEFEXRIGERE IR
BRI R R ETT RIE R BVIC IR,

MBEA

WS BHR B BRI EN S ARANPLIZEERER, ERTR 7T — NN NS ATUERMBERE
REVASTFS!, LDUERRRAMARSR, XERBRN TS ARFEED, FellBS5HIRED, LE)
FRIRENERENBRERITES. BRSIRT BUIRESINISEAT, BRTHAANIRIERES
MEBBARTEIEREENBE ], BEY BIREKATESESRIN, £35S d N
SIS TURVITRI S RARIBEMMITIES . LI, R SR B R eI S B ERMIMFS, eIt
R T MBS AR FRKBIRINIF R BRI, XEFEMBEENVSAERSHLI)IGT R, RERELHRK
HEE Z P SRR PR

¥ Sora FIABEENEATHBELESRRIE R R, BIFIA Sora BIRATHEE, RKAINEEAR
AFESRIFARBENHD , VAR ULESMASEABERIRED.

R

Bxja, MREEET Sora XBUHTHEARTFERI XL R B /B R,

fE%& ChatGPT . GPT4-V#l Sora FERRERELRE, XERENENFETEEZRS. XERRE
PNEELERRNERN AT M TERTIB AT, XEHEDWS|ET AMIXIXER AR AT GEHRIm



FAE, eFEBRHENS~E. RWHEENEEER, Eit, KEENAEERZSETFAFHL
WERTZRE, RASETHRITIEHNER.

B Sora ML E T ATERNERNRY, BHREIRAER. ERAEFIFIHEEMYEIRRE

B, ZREEERFH, W, B ERREFRRIMP LS SRS FEEAEEED

SBIATHRAG. ARARME ZHNHXKAREERNERE. #iR Sora WiathisRRe. LRI
e—IEEB AN,

BHEERMEMMEN AR, FARMIIRAREETERG T KEHD . XAZIRRFR
LAYHILERRA, Sora AIRERRMESMANEISESREN—EID. XMEESREHIFRIEH T LIFH,
MRS TSR EH AR THNA, BBFREIANIERE, EANNEETERRKRSE.

BZEBEFANR, 5xF “Niszt”  (almosthuman2014)



