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Since there has not been an official paper released yet for Sora, the
goal is follow the bread crumbs from OpenAl's technical report on Sora.

https://www.oxen.ai/community/arxiv-dives

Arxiv Dives

Every Friday at Oxen.ai we host a paper club called "Arxiv Dives" to make us smarter
Oxen W @ . We believe diving into the details of research papers is the best way to
build fundamental knowledge, spot patterns and keep up with the bleeding edge.

In Arxiv Dives, we cover state of the art research papers, and dive into the gnitty gritty
details of how Al models work. From the math to the data to the model architecture, we

cover it all.
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Road to Sora

What is Sora?

» Sora has taken the Generative Al space by storm with it's ability to « OpenAl has not released an official research paper on the technical
generate high fidelity videos from natural language prompts. details

» Technical Report : OpenAl — Sora
https://openai.com/index/video-generation-models-as-world-simulators/

=" a turtle swimming in a coral reef



Sora Architecture Overview

Road to Sora

» "Sora: A Review on Background, Technology, Limitations, and Opportunities of Large Vision Models" that gives a high

level diagram of a reverse engineered architecture.
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Figure 4: Reverse Engineering: Overview of Sora framework

* OpenAl states that Sora is a "Diffusion Transformer" which combines many of the concepts listed in the papers above,
but applied to latent spacetime patches generated from video.



Road to Sora

Sora Architecture Overview

» This is a combination of the style of patches used in the Vision Transformer (ViT) paper, with latent spaces similar
to the Latent Diffusion Paper, but combined in the style of the Diffusion Transformer.

« They not only have patches in width and height of the image but extend it to the time dimension of video.
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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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Sora Architecture Overview

It's hard to say how exactly they collected the training data for all of this, but it seems like a combination of the
techniques in the Dalle-3 as well as using GPT-4 to elaborate on textual descriptions of images, that they then turn into

videos.
Training data is likely the main secret sauce here, hence has the least level of detail in the technical report.
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Use Cases

» There are many interesting use cases and applications for video generation technologies like Sora.
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Figure 18: Applications of Sora.

Road to Sora

Healthcare

2 @

Anomaly
identification

Medical image
analysis

Surgical
simulation

Robotics
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® Enhanced
perception

® Real-time path
planning

® Motion
prediction

* (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
[142] and psychology [143] 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.

» Oxen.ai : We are building open source

tools to help you collaborate on and
evaluate data the comes in and out of
machine learning models.
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Paper Reading List

» Selected what are the most impactful and interesting ones to read

1) Background Papers
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Figure 3: History of Generative Al in Vision Domain.



Road to Sora

Paper Reading List

> U-Net » Vision Transformer (ViT)
* “U-Net: Convolutional Networks for Biomedical Image * "An Image is Worth 16x16 Words: Transformers for Image
Segmentation” Recognition at Scale" Proving that they can outperform ResNets

and other Convolutional Neural Networks if you train them on large

* Most notably is the backbone many diffusion models such as Stable
enough datasets.

Diffusion to facilitate learning to predict and mitigate noise at

each step » This takes the architecture from the "Attention Is All You Need"
paper and makes it work for computer vision tasks. Instead of the
inputs being text tokens, ViT uses 16x16 image patches as input.

» Language Transformers
«» Alternatives to Transformer architecture

« Transformer : "Attention Is All You Need" » State Space Model (SSM) : Mamba, Samba

» Transformers are now the backbone of many LLM applications such
as ChatGPT.

» Transformers end up being extensible to many modalities and are
used as a component of the Sora architecture.

10
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Paper Reading List

> Latent Diffusion Models (LDM)

« "High-Resolution Image Synthesis with Latent Diffusion d 5 Latent Space ") (Conditioning)
Models" is the technique behind many image generation models Diffusion Process emanti
such as Stable Diffusion. I Ma; | )

2 Text

» They show how you can reformulate the image generation as a
sequence of denoising auto-encoders from a latent

representation.
» They use the U-Net architecture as the backbone of the E

generative process.

Repres |
entations

. i'lr']r;eu?e models can generate photo-realistic images given any text Pixel Space
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Figure 3. We condition LDMs either via concatenation or by a more general cross-
attention mechanism
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Paper Reading List

> CLIP

» "Learning Transferable Visual
Models From Natural Language
Supervision" often referred to as
Contrastive Language-Image
Pre-training (CLIP) is a technique
for embedding text data and
image data into the same latent
space as each other.

» This technique helps connect the
language understanding half of
generative models to the visual
understanding half by making sure
that the cosine similarity between
the text and image
representations are high between
text and image pairs.

(1) Contrastive pre-training
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear

classifier to predict some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a
batch of (image, text) training examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by

embedding the names or descriptions of the target dataset’s classes.
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Paper Reading List

> VQ-VAE

* “Neural Discrete Representation Learning”

+ According to the SORA technical report, they reduce the dimensionality of the raw video with a Vector Quantized Variational Auto
Encoder (VQ-VAE).

» VAEs have been shown to be a powerful unsupervised pre-training method to learn latent representations.
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Figure 1: Left: A figure describing the VQ-VAE. Right: Visualisation of the embedding space. The
output of the encoder z(z) is mapped to the nearest point es. The gradient V, L (in red) will push the

2 s . 13
encoder to change its output, which could alter the configuration in the next forward pass.
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Paper Reading List

> Patch n' Pack: NaViT

+ “Patch n' Pack: NaViT, a Vision Transformer for any Aspect
Ratio and Resolution”

* The Sora technical report talks about how they take in videos of
any aspect ratio, and how this allows them to train on a much
larger set of data.

* The more data they can feed the model without having to crop it,
the better results they get. This paper uses the same technique
but for images, and Sora extends it for video.

Pooling Representations

Pad examples are masked out
from loss computation
| e e _ Pad tokens are masked out
- T from pooling
Self-Attention
Pad tokens are masked out|

Each token's receptive field is restricted to the tokens within the same example "
from attention

WO OO ODOOLOODOO®@

T T T T T
Image 1 Image 2 Image 3 Pad o

1 1 1 1 1 Sequence
Data preprocessing
-

— —
Imagel Image2 Image2 Imagel Image2 Image2 Imagel Image2 Image2
Inputs Patchify Token drop

Figure 2: Example packing enables variable resolution images with preserved
aspect ratio, reducing training time, improving performance and increasing
flexibility. We show here the aspects of the data preprocessing and modelling that
need to be modified to support Patch n’ Pack. The position-wise operations in the
network, such as MLPs, residual connections, and layer normalisations, do not
need to be altered. 14
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» Diffusion Transformer (DiT)

/( ) )
» “Scalable Diffusion Models with / ’ .
Transformers” : / Scale  +—e2—
Noise ¥ Il ;
* OpenAl states that Sora is a 32x32x4  32x32x4 / B i ol
"Diffusion Transformer" which T i iR ; s | Vo
. inear T =Nt
combines many of the concepts i b # s na
i i Layer N
listed in the papers above. Layer Norm /I yer Norm
« The DiT replaces the U-Net ! — é)
backbone in latent diffusion N x DiT Block e a
models, with a transformer that : : '
Multi-Head
operates on latent patches. Bl [Enoe sgn.m:enﬁon
« This paper generates state of the art | LY Saaie, S« PL
. . . . 1
hlg_h_quallty images by using a more Noised  Timestept % T e MLP
efficient model than a U-Net, Latent o \\ { |
therefore increasing the amount of 32x32x4 y k Input Tokens Conditioning J \ Input Tokens Conditioning j \ Input Tokens Conditioning /
data and comPUte that could be Latent Diffusion Transformer DiT Block with adaLN-Zero DiT Block with Cross-Attention  DiT Block with In-Context Conditioning

used to train these models.

Figure 3. The Diffusion Transformer (DiT) architecture. Left: We train conditional latent DiT models. The input latent is
decomposed into patches and processed by several DiT blocks. Right: Details of our DiT blocks. We experiment with
variants of standard transformer blocks that incorporate conditioning via adaptive layer norm, cross-attention and extra
input tokens. Adaptive layer norm works best. 15
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Paper Reading List

2) Video Generation Papers

> VIiViT: A Video Vision Transformer

Class

B s Factorised
* “ViViT: A Video Vision Transformer” Transformer| Encoder Encoder

Self-Attention Dot-Product

Position + Token <

» This paper goes into details about Embedding
how you can chop (£&) the video
into "spatio-temporal tokens"
needed for video tasks.
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Figure 1: We propose a pure-transformer architecture for video classification, inspired by the recent success of such
models for images [18]. To effectively process a large number of spatio-temporal tokens, we develop several model
variants which factorise different components of the transformer encoder over the spatial- and temporal-
dimensions. As shown on the right, these factorisations correspond to different attention patterns over space and time.



Paper Reading List

> Imagen Video

* “Imagen Video: High Definition Video Generation with
Diffusion Models”

* Imagen is a text-conditional video generation system
based on a cascade of video diffusion models.

* They use convolutions in the temporal direction and
super resolution to generate high quality videos from text.

A base video diffusion model :
Video Diffusion Models : https://arxiv.org/abs/2204.03458

(5%, M, (3 2x M

Road to Sora

A base video diffusion model

Input Text Prompt — T5-XXL (4.68) —>{ 1?:43&(2-‘263%3

SSR(1.2B) SSR (1.4B) TSR (1.7B)
32x320x192 6fps 32x80x48 6fps 32x40x24 6fps

TSR (780M) TSR (630M) SSR (340M)
64x320x192 12fps 128x320x192 24fps 128x1280x768 24fps

(ze, e, Ae) N, My N2,2 % M, x

The 3D U-net architecture.

Figure 6: The cascaded sampling pipeline starting from a text prompt input to generating a
5.3-second, 1280 x 768 video at 24fps. “SSR” and “TSR” denote spatial and temporal super-
resolution respectively, and videos are labeled as frames x width x height. In practice, the
text embeddings are injected into all models, not just the base model.

Frame 1 Frame 2 Frame 3 Frame N

[ Spatial Conv ] [ Spatial Conv ] { Spatial Conv ] Spatial Conv
! l ! " |

[ Spatial Attention ] [ Spatial Attention ] [ Spatial Attention ] [ Spatial Attention ]
[ Temporal Attention / Convolution ]

Figure 7: Video U-Net space-time separable block. Spatial operations are performed
independently over frames with shared parameters, whereas the temporal operation mixes
activations over frames. Our base model uses spatial convolutions, spatial self-attention
and temporal self-attention. For memory efficiency, our spatial and temporal super-
resolution models use temporal convolutions instead of attention, and our models at the
highest spatial resolution do not have spatial attention
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Paper Reading List

> Align your Latents (Video LDM)

» “Align your Latents: High-Resolution Video Synthesis with
Latent Diffusion Models”

» This paper takes the latent diffusion models from the image
generation papers above and introduces a temporal dimension to
the latent space.

* They apply some interesting techniques in the temporal
dimension by aligning the latent spaces, but does not quite have
the temporal consistency of Sora yet.

18
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Paper Reading List Generative Stochastic Processes
(for each Frame/Batch Element) %

Marginal Diffused
Data Distribution

> Align your Latents (Video LDM)

https://research.nvidia.com/labs/toronto-ai/VideoLDM/

[Abstract] ~

* Video Latent Diffusion Models (Video LDMs) for computationally
efficient high-resolution video generation.

» To alleviate the intensive compute and memory demands of high- Tront Noise Distribution
resolution video synthesis, we leverage the LDM paradigm and e i

) ) . (for each Frame/Batch Element) y
extend it to video generation. 3
WA
\\

* Our Video LDMs map videos into a compressed latent space and ve
model sequences of latent variables corresponding to the video
frames (see animation above).

* We initialize the models from image LDMs and insert temporal
layers into the LDMs' denoising neural networks to temporally
model encoded video frame sequences. The temporal layers are
based on temporal attention as well as 3D convolutions.

Before temporal video fine-tuning,
figure below). different batch samples are independent.

17

» We also fine-tune the model's decoder for video generation (see
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Paper Reading List

> Align your Latents (Video LDM)

* During temporal decoder fine-tuning, we process video
sequences with a frozen per-frame encoder and enforce
temporally coherent reconstructions across frames.

+ We additionally employ a video-aware discriminator.

* In LDMs, a diffusion model is trained in latent space. It
synthesizes latent features, which are then transformed
through the decoder into images.

* Note that in practice we model entire videos and video fine-
tune the latent diffusion model to generate temporally
consistent frame sequences.

Latent diffusion model framework and video fine-tuning of decoder.

Video-aware
Discriminator

- 0/1

Latent embedding distribution
modeled with Diffusion Model
(can be conditioned on text, etc.)

Generative Denoising Process
(visualization for individual frames only)

Fig. 11. The training pipeline of autoencoder in video latent diffusion models. The
decoder is fine-tuned to have temporal coherency with a new across-frame
discriminator while the encoder stays frozen 20
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> Align your Latents (Video LDM) Video LDM Stack

[ 1. te Latent
« We first generate sparse key frames. Generate Laten

Key Frames ' v
« Then we temporally interpolate in two steps (optionally including g
with the same interpolation model to achieve prediction model)

high frame rates. These operations use latent
diffusion models (LDMs) that share the same
image backbone.

2. Latent Frame

i AllP t
Interpolation I arameters

Shared

» Finally, the latent video is decoded to pixel space
and optionally a video upsampler diffusion model

is applied. 3. Latent Frame
Interpolation II
4. Decode to

+ To achieve high-resolution generation, we further
leverage spatial diffusion model upsamplers and
temporally align them for video upsampling.

Pixel-Space

5. Apply Video
Upsampler

21
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> Phot listic vid ti ith diffusi del
otorealistic video generation wi riuston modets « W.AALL.T (Window Attention Latent Transformer) : A transformer-

. “Photorealistic video generation with diffusion models’ based method for latent video diffusion models (LVDMs).

» They introduce W.A.L.T, a transformer-based approach for photorealistic video generation via diffusion modeling.
» This feels like the closest technique to Sora and was released in December of 2023 by the teams at Google, Stanford and Georgia Tech.
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W.A.L.T: We encode images and videos into a shared latent space. The transformer backbone processes these latents with blocks having two
layers of window-restricted attention: spatial layers capture spatial relations in both images and video, while spatiotemporal layers model
temporal dynamics in videos and passthrough images via identity attention mask. Text conditioning is done via spatial cross-attention.22
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3) Vision-Language Understanding > DALL-E 3

* In order to Generate Videos from text prompts, they need to + https:/lopenai.com/index/dall-e-3/
collect a large dataset.

+ Training text-to-video generation systems requires a large
* Itis not feasible to have humans label that many videos, so it seems amount of videos with corresponding text captions.
they use some synthetic data techniques similar to those

described in the DALL-E 3 paper. + They apply the re-captioning technique introduced in DALL-E 3 to

videos.

+ Similar to DALL-E 3, they also leverage GPT to turn short user
prompts into longer detailed captions that are sent to the video
model.

23
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> LLava

* “Visual Instruction Tuning”

* In order for the model to be able to follow user instructions, they
likely did some instruction fine-tuning similar to the LLava paper.

» This paper also shows some synthetic data techniques to create
a large instruction dataset that could be interesting in combination
with the Dalle methods above.

The primary goal is to effectively leverage the capabilities of both the pre-trained LLM and visual
model. The network archtecture is illustrated in Figure 1. We choose Vicuna [9] as our LLM f(:)
parameterized by ¢, as it has the best instruction following capabilities in language tasks among
publicly available checkpoints [48, 9, 38].

Language Response Xa ‘ . .

Language Model f

NOO 866
Projection W Z. H, ?Hq

slon Encoder Xq Language Instruction

X, Image

Figure 1: LLaVA network architecture.

For an input image X,, we consider the pre-trained CLIP visual encoder ViT-L/14 [40], which
provides the visual feature Z, = g(X,). The grid features before and after the last Transformer layer
are considered in our experiments. We consider a simple linear layer to connect image features into
the word embedding space. Specifically, we apply a trainable projection matrix W to convert Z, into
language embedding tokens H,,, which have the same dimensionality as the word embedding space
in the language model:

H, =W .Z, with Z, = g(X,) 1)
Thus, we have a sequence of visual tokens H,. Note that our simple projection scheme is lightweight,
which allows us to iterate data centric experiments quickly. More sophisticated schemes to con-
nect the image and language representations can also be considered, such as gated cross-attention
in Flamingo [?] and Q-former in BLIP-2 [28]. We leave exploring possibly more effective and
sophisticated architecture designs for LLaVA as future work.
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> Make-A-Video & Tune-A-Video

* “Make-A-Video: Text-to-Video Generation without Text-Video

Data”
* “Tune-A-Video: One-Shot Tuning of Image Diffusion Models for _ _
Text-to-Video Generation” Fine-Tuning Inference
Reconstruction Loss XT steps
« Papers like Make-A-Video and Tune-A-Video have shown how XT steps (]
prompt engineering leverages model’s natural language — %g_.

understanding ability to decode complex instructions and
render them into cohesive, lively, and high-quality video
narratives.

* For example: taking a simple user prompt and extending it with ., e ching” i
adjectives and verbs to more fully flush out the scene. éE

s |
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“Cpider Man ic ckiing on the

[ Frecen beach, cartoon style”
i EHEIOMDE ______ e yldeo Figure 4: Pipeline of Tune-A-Video: Given a text-video pair (e.g., “a man is skiing”)
i A stylish woman walks down a Tokyo street ! ;il: Wit as input, our method leverages the pretrained T2 diffusion models for T2V
Flled et warsey alowing eon sndsumated i generation. During fine-tuning, we update the projection matrices in attention
city signage. She wears a black leather jacket, !

blocks using the standard diffusion training loss. During inference, we sample a
novel video from the latent noise inverted from the input video, guided by an edited
prompt (e.g., “Spider Man is surfing on the beach, cartoon style”).

a long red dress, and black boots, and carries 1t
a black purse. She wears sunglasses and red ! @ Sora
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The street is

idently and casually.
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