
Recap.



Attempt 1: Cross Attention

Rombach et al. “High-Resolution Image Synthesis with Latent Diffusion Models”. CVPR 2022. https://arxiv.org/pdf/2112.10752

https://arxiv.org/pdf/2112.10752


Attempt 2: Double Stream Multimodal-DiT

Esser et al. “Scaling Rectified Flow Transformers for High-Resolution Image Synthesis”. https://arxiv.org/pdf/2403.03206

https://arxiv.org/pdf/2403.03206


Attempt 2: Double stream -> merged stream MM-DiT

Black Forest Labs. “FLUX.1 Kontext: Flow Matching for In-Context Image Generation and Editing in Latent Space”. https://arxiv.org/pdf/2506.15742

https://arxiv.org/pdf/2506.15742


Attempt 3: Single stream MM-DiT

Z-Image Team, Alibaba Group. “Z-Image: An Efficient Image Generation Foundation Model with Single-Stream Diffusion Transformer”. https://arxiv.org/pdf/2511.22699

https://arxiv.org/pdf/2511.22699


Attempt 3.5: “Native multimodal model”

Zhou et al. “Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model”. https://arxiv.org/pdf/2408.11039

https://arxiv.org/pdf/2408.11039


Attempt 3.5: “Native multimodal model”

Tencent Hunyuan Foundation Model Team. “HunyuanImage 3.0 Technical Report”. https://arxiv.org/pdf/2408.11039

https://arxiv.org/pdf/2408.11039
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This is Stable Diffusion 1 & 2!
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SDEdit: Guided Image Synthesis with Diffusion

[Meng et al., ICLR 2022]



Attention visualization

“a furry bear 

watches a bird”

17
Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”



Prompt-to-Prompt

Hertz et al. “Prompt-to-Prompt Image Editing with Cross-Attention Control”
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Video Generation



Sora

https://openai.com/index/sora/
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Model Architecture

U-Net: https://arxiv.org/abs/1505.04597 DiT: https://arxiv.org/abs/2212.09748



Video Diffusion Models

https://arxiv.org/abs/2204.03458

The 3D U-net architecture. The noisy video 𝑧𝑡 , conditioning information 𝑐 and the log signal-to-noise ratio (log-

SNR) 𝜆𝑡 are inputs to the network. The channel multipliers 𝑀1, … ,𝑀𝐾 represent the channel counts across layers.



Imagen Video

https://arxiv.org/abs/2210.02303

Upper: The cascaded sampling pipeline in Imagen Video. In practice, the text embeddings are injected into all components, not

just the base model. 

Below: The architecture of one space-time separable block in the Imagen Video diffusion model.



Sora: DiT for Video Generation

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



Adapting Image Models to Generate Videos

Make-A-Video https://arxiv.org/abs/2209.14792



Adapting Image Models to Generate Videos

Make-A-Video https://arxiv.org/abs/2209.14792

pseudo-3D convo layers and pseudo-3D attention layers



Adapting Image Models to Generate Videos

https://ai.meta.com/blog/generative-ai-text-to-video/



Adapting Image Models to Generate Videos

Tune-A-Video https://arxiv.org/abs/2212.11565



Adapting Image Models to Generate Videos

Tune-A-Video https://arxiv.org/abs/2212.11565

"A man is skiing" "Spider Man is skiing on 

the beach, cartoon style”

"A man, wearing pink 

clothes, is skiing at sunset"



Adapting Image Models to Generate Videos

Gen-1 https://arxiv.org/abs/2302.03011



Adapting Image Models to Generate Videos

Gen-1 https://arxiv.org/abs/2302.03011



Recap.

https://arxiv.org/abs/2302.05543Bilibili BV1Lg4y1t797 with ControlNet



Adapting Image Models to Generate Videos

Video LDM https://arxiv.org/abs/2304.08818

Base image model θ



Adapting Image Models to Generate Videos

Video LDM https://arxiv.org/abs/2304.08818



Adapting Image Models to Generate Videos

Video LDM https://arxiv.org/abs/2304.08818



Adapting Image Models to Generate Videos

Video LDM https://arxiv.org/abs/2304.08818



Adapting Image Models to Generate Videos

SVD https://arxiv.org/abs/2311.15127



Adapting Image Models to Generate Videos

Lumiere https://arxiv.org/abs/2401.12945

Lumiere removes TSR (temporal 

super-resolution) models. The 

inflated SSR network can operate 

only on short segments of the 

video due to memory constraints 

and thus SSR models operate on a 

set of shorter but overlapped 

video snippets.



Adapting Image Models to Generate Videos

Lumiere https://arxiv.org/abs/2401.12945



Adapting Image Models to Generate Videos

Lumiere https://arxiv.org/abs/2401.12945

wearing a gold strapless gown wearing a bath robe



Training-Free Adaptation

Text2Video-Zero https://arxiv.org/abs/2303.13439



Training-Free Adaptation

Text2Video-Zero https://arxiv.org/abs/2303.13439



Training-Free Adaptation

ControlVideo https://arxiv.org/pdf/2305.13077



Training-Free Adaptation

ControlVideo https://arxiv.org/pdf/2305.13077

"A man, wearing pink clothes, moonwalk at sunset."



Genie: Generative Interactive Environments

https://sites.google.com/view/genie-2024/home



Genie: Generative Interactive Environments

https://sites.google.com/view/genie-2024/home

Genie takes in 𝑇 frames of video as input, tokenizes them into discrete tokens 𝒛 via the video tokenizer, and infers 

the latent actions 𝒂˜ between each frame with the latent action model. Both are then passed to the dynamics 

model to generate predictions for the next frames in an iterative manner. 



Dynamics model

Genie: Generative Interactive Environments

https://sites.google.com/view/genie-2024/home

Latent action model

Video tokenizer

ST-transformer architecture



Genie: Generative Interactive Environments

https://sites.google.com/view/genie-2024/home

“Remarkably, Genie learns not only which parts of an observation are generally controllable, but also infers 

diverse latent actions that are consistent across the generated environments. Note here how the same latent 

actions yield similar behaviors across different prompt images. ”



Genie: Generative Interactive Environments

https://sites.google.com/view/genie-2024/home

The future of generative virtual worlds

“Trajectories with the same latent action sequence typically display similar behaviors. ”



Movie Gen: A Cast of Media Foundation Models

https://ai.meta.com/blog/movie-gen-media-foundation-models-generative-ai-video/



Movie Gen: 
A Cast of Media Foundation Models

https://ai.meta.com/static-resource/movie-gen-research-paper



Movie Gen: A Cast of Media Foundation Models

https://ai.meta.com/static-resource/movie-gen-research-paper



Movie Gen: A Cast of Media Foundation Models

https://ai.meta.com/static-resource/movie-gen-research-paper



One Model to Workflow

*image taken from ChatGPT 4o



VACE/Wan

https://www.alibabacloud.com/en/press-room/alibaba-introduces-open-source-model-for-video



VACE

https://arxiv.org/pdf/2503.07598



VACE

https://arxiv.org/pdf/2503.07598



VACE

https://arxiv.org/pdf/2503.07598



Sora2 & Veo3.1: Omni Model / “WORLD MODEL”

From Silent Video to Native Audiovisual Generation

•The target is synchronized audiovisual events. 

•Dialogue, ambience, and sound effects must cohere with motion. 

•New bottlenecks: lip-sync, event-sound causality, and cross-shot continuity. 

•Sora 2 improves physics, realism, synchronized audio, and steerability. 

•Prompts now combine subject, camera, pacing, and audio intent. 

•Storyboard, remix, stitch, extend, and characters define the workflow. 

•Veo 3.1 adds richer native audio and stronger prompt adherence. 

•Reference images, first/last frames, and extension expose creative control. 

•A strong Veo prompt reads like a director’s brief. 

https://blog.google/innovation-and-ai/products/veo-updates-flow/?utm_source=chatgpt.com

https://sora.chatgpt.com/explore



LTX

https://arxiv.org/pdf/2601.03233



LTX

https://arxiv.org/pdf/2601.03233



LTX

https://arxiv.org/pdf/2601.03233



Seedance

https://seed.bytedance.com/zh/blog/official-launch-of-seedance-2-0


