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课程提纲

单模态表示

视觉模态

文本模态

动作模态

三维点云

基本概念

神经网络及其优化

经典多模态机器学习

多模态表示

多模态对齐

多模态推理

多模态生成

多模态迁移

通用多模态机器学习

通用多模态（大）模型

多模态预训练

多模态典型应用



Generation



Information Content



Generative Process



Sub-challenge a: Summarization

Palaskar et al., Multimodal Abstractive Summarization for How2 Videos. ACL 2019
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Ramesh et al., Zero-Shot Text-to-Image Generation. ICML 2021 
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Sub-challenge b: Translation

Ramesh et al., Hierarchical Text-Conditional Image Generation with CLIP Latents. arXiv 2022
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Preview: Generation



Open challenges

Carlini et al., Extracting Training Data from Large Language Models. USENIX 2021

Menon et al., PULSE: Self-Supervised Photo Upsampling via Latent Space Exploration of Generative Models. CVPR 2020

Sheng et al., The Woman Worked as a Babysitter: On Biases in Language Generation. EMNLP 2019
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Latent Variable Models



Latent Variable Models



Gaussian (Normal) Distribution
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Gaussian Mixture Model (GMM)
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Gaussians Mixture Model (GMM)



Gaussians Mixture Model (GMM)



EM algorithm
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EM algorithm



From GMMs to VAEs

Diederik P Kingma, Max Welling. Auto-Encoding Variational Bayes. ICLR 2014 (Test of Time Award)



Some background first: Autoencoders
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Variational Autoencoders



Variational Autoencoders: Generating Data!
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Variational Autoencoders: Generating Data!



Variational Autoencoders



VAEs for Disentangled Generation

Locatello et al., Challenging Common Assumptions in the Unsupervised Learning of Disentangled Representations. ICML 2019
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VAEs for Multimodal Generation

Tsai et al., Learning Factorized Multimodal Representations. ICLR 2019
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Image Tokens + Transformers

Ramesh et al., Zero-Shot Text-to-Image Generation. ICML 2021 
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Summary: Variational Autoencoders



Generative Models

① Latent Variable Models

② Autoregressive Models

③ Diffusion Models

④ Generative Adversarial Networks

⑤ Normalizing Flows



More Likelihood-based Models: Autoregressive Models

[van den Oord et al., Pixel Recurrent Neural Networks. ICML 2016]



Autoregressive Models

[Brown et al., Language Models are Few-shot Learners. NeurIPS 2020]



Fully visible belief network (FVBN)



Fully visible belief network (FVBN)



PixelRNN



PixelCNN



Summary: Autoregressive Models



Generative Models
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② Autoregressive Models

③ Diffusion Models

④ Generative Adversarial Networks

⑤ Normalizing Flows



Diffusion Models

Diffusion destroy structures along time What if we can reverse time?  

Image credit: chongxuan li



Diffusion Models



Diffusion Models



Learning Diffusion Models



Learning Diffusion Models



Diffusion Models as Differential Equations
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Diffusion Models as Differential Equations



Conditioning Diffusion Models on Text



Text-to-Image Generation with Latent Diffusion

[Rombach et al., High-Resolution Image Synthesis with Latent Diffusion Models. CVPR 2022]
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Text-to-Image Generation with Latent Diffusion
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Text-to-Image Generation with Latent Diffusion

[Rombach et al., High-Resolution Image Synthesis with Latent Diffusion Models. CVPR 2022]



Summary: Diffusion Models



Generative Models

① Latent Variable Models

② Autoregressive Models

③ Diffusion Models

④ Generative Adversarial Networks

⑤ Normalizing Flows



So Far…
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Generative Adversarial Networks

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014
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Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Training GANs: Two-player game

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014



Minimizing the distribution distance

Ian Goodfellow et al., “Generative Adversarial Nets”, NIPS 2014

Maximizing the discriminator is actually estimating the distribution 

distance between the data and the model!!!



Generative Adversarial Nets: Convolutional Architectures

Radford et al, ICLR 2016



2019: BigGAN



HYPE: Human eYe Perceptual Evaluations

hype.stanford.edu 



Explosion of GANs



Generative Models

① Latent Variable Models

② Autoregressive Models

③ Diffusion Models

④ Generative Adversarial Networks

⑤ Normalizing Flows



Normalizing Flows
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Normalizing Flows

[Kingma et al., Generative Flow with Invertible 1x1 Convolutions. NeurIPS 2018]



Summary: Normalizing Flows



Summary: Generative Models



Summary: Generative Models
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