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Excited to share what @billpeeb @ tim brooks and my team has been
working on for the past year! Our text-to-video model Sora can generate
videos of complex scenes up to a minute long. We're excited about

making this step toward Al that can reason about the world like we do.
openai.com/sora
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Figure 3: Tubelet embedding. We extract and linearly embed non-
overlapping tubelets that span the spatio-temporal input volume.

Arnab, Anurag, et al. "Vivit: A video vision transformer."” Proceedings of the IEEE/CVF
international conference on computer vision. 2021
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Variable durations, resolutions, aspect ratios

Past approaches to image and video generation typically resize, crop or trim videos to a
standard size—e.g., 4 second videos at 256 x256 resolution. We find that instead training
on data at its native size provides several benefits.

Sampling flexibility

Sora can sample widescreen 1920x1080p videos, vertical 1080x1920 videos and
everything inbetween. This lets Sora create content for different devices directly at their
native aspect ratios. It also lets us quickly prototype content at lower sizes before
generating at full resolution—all with the same model.

source: https://openai.com/research/video-generation-models-as-world-simulators#fn-20
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Dehghani, Mostafa, et al. "Patch n'Pack: NaViT, a Vision Transformer for any Aspect Ratio and

Resolution." arXiv preprint arXiv:2307.06304 (2023)

Pre-training linear eval

Finetuned acc vs. pretrain cost

Finetuned acc vs. inference cost
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Diffusion Transformer

SorafF E{EHE EPeebles William, fH7EICCVEART —RDItNIE, XEIFR@EILES
diffusion model#transformer, MMAZIA LUscale up modelSRIBABIRERFRENINR, XEX

Efftechnical reportireferencedhigt, EMFKIHIBE ERRIscalingiz RZRAEIMSI7=LIFEE
Y, RILURE RSorafiE Az —, TEItRopenaiA LB Rscale upESR%E R E B FRE o



Base compute 4x compute F2x compute

TERRTDtMNEERIE, MWAR—IK256x256x3ME N, NE R MtpatchER I3 KREEBEEND
patchftoken, 5E|32x32x4Mlatent(TEHIER M NEIZRE32Xx32X4IEE), L5 Ha1M0stept, i
Nlabel yfERHIN, ZINDit Blocki@BiImlp# Tt , FEaHAIRE UK RS Z 6%,
23T stepRiE, B232x32x409FZ 12 EM latent,

- B N
/| —
f a
! Scale —
Noise ¥ !f i
Pointwise
321i2x4 32ki2>c4 ;r‘ i
i / ; Ya.ba
Linear and Reshape Scale, Shift  +—=——
] / 1
Layer N
Layer Norm / -
j Multi-Head
| Cross Altant E—
—— Cross-Attention
' Multi-Head
N x DiT Block o S| Layer Norm 5‘:""""-'.""':"':"
! Layer Norm
. . d Multi-Head EEe
Patchify Embed '\ ot B
! \\ Scale, Shift m Self-Attention ate
e \ y y §
N0|59d Timestep t AN Layer Norm MLP Layer Morm
Latent C €W I —
32x32x4 Label y k Input Tokens Conditioning _) \ Input Tokens Conditioning W, \\ Input Tokens Conditioning 7
Latent Diffusion Transformer DiT Block with adaLN-Zero DiT Block with Cross-Attention  DiT Block with In-Context Conditioning

Peebles, William, and Saining Xie. "Scalable diffusion models with transformers." Proceedings of
the IEEE/CVF International Conference on Computer Vision. 2023

Transformer Decoder

“We also train a corresponding decoder model that maps generated latents back to pixel space.
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4.4. Autoregressive Generation

For generating long videos via autoregressive prediction we
also train our model jointly on the task of frame prediction.
This 1s achieved by conditioning the model on past frames
with a probability of pg, during training. Specifically, the
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Computation Cost
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Compute. We implement all models in JAX [!] and train
them using TPU-v3 pods. DiT-XL/2, our most compute-
intensive model, trains at roughly 5.7 iterations/second on a

TPU v3-256 pod with a global batch size of 256.

Last but not Least

“AGI will be able to simulate the physical world, and Sora is a key step in that direction” by
Tim brooks(https://www.timothybrooks.com/tech/), Xai&iEYFIAISorar7Ei@AH RIERH
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