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Executive Order



Blueprint for an AI Bill of Rights



Back to Deep Generative Models

Img source: https://lilianweng.github.io/posts/2021-07-11-diffusion-models/ 

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/


2014 Generative Adversarial Networks

Figure credit: Chris Olah

Generative Adversarial Networks (Goodfellow et al. NeuRIPS 2014)

https://twitter.com/ch402/status/793911806494261248
https://arxiv.org/abs/1406.2661


GANs: original training setup

• Dispense with representing likelihood, settle for implicit generation
• Two-player game:

• Generator (w parameters θg)
• Discriminator (w parameters θd)

• Minmax objective

• Discriminator works to classify real data as real, fake data as fake
• Generator works to make discriminator misclassify fake data as real

  

<latexit sha1_base64="QQV8bidjtIAEGvwHcl41BUDL9As="></latexit>

min
✓g

max
✓d

Ex⇠data logD✓g (x) + Ez⇠p(z) log(1�D✓d(G✓g (z)))



Pseudocode



Iterative training, modified objective

1. Steps of gradient ascent to improve discriminator on

2. Steps of gradient ascent to improve generator on different objective

 

<latexit sha1_base64="urUXsBAsuVxmULwJhAR3+W8z+DM="></latexit>

max
✓d

Ex⇠data logD✓g (x) + Ez⇠p(z) log(1�D✓d(G✓g (z)))

<latexit sha1_base64="FRgW6hAAMIQ5M3ivCUvGhu8YDKA="></latexit>

max
✓g

Ez⇠p(z) log(D✓d(G✓g (z)))



Optimizing GANs

• Ideally, at equilibrium:
1. Generator exactly matches the real data distribution
2. Discriminator cannot distinguish real from fake

• In reality:
• Training is difficult and unstable
• Balance between discriminator and generator hard to maintain
• Susceptible to mode collapse:  G(x) lacks diversity, D(x) super accurate

<latexit sha1_base64="6Tobw8Gz/2MC26HhlWoLfdJcoSs=">AAACCXicbVDJSgNBEO1xjXEb9eilMQgRZJgRo16EoB48RjALZMLQ0+lJmvQsdNdIwpCrF3/FiwdFvPoH3vwbO8tBEx8UPN6roqqenwiuwLa/jYXFpeWV1dxafn1jc2vb3NmtqTiVlFVpLGLZ8IligkesChwEaySSkdAXrO73rkd+/YFJxePoHgYJa4WkE/GAUwJa8kx842UudBkQrz3Exf4RvsRW6Ri7QSyJELjvmQXbssfA88SZkgKaouKZX247pmnIIqCCKNV07ARaGZHAqWDDvJsqlhDaIx3W1DQiIVOtbPzJEB9qpY31bl0R4LH6eyIjoVKD0NedIYGumvVG4n9eM4XgopXxKEmBRXSyKEgFhhiPYsFtLhkFMdCEUMn1rZh2iSQUdHh5HYIz+/I8qZ1YzplVujstlK+mceTQPjpAReSgc1RGt6iCqoiiR/SMXtGb8WS8GO/Gx6R1wZjO7KE/MD5/AH6MmE4=</latexit>

D✓d(x) = .5, 8x



Mode Collapse 



Deep Convolutional GANs

Radford et al. (ICLR 2015)

https://arxiv.org/pdf/1511.06434.pdf


UpConvolutional Architecture

Radford et al. (ICLR 2015)

https://arxiv.org/pdf/1511.06434.pdf


Tips & Tricks (DC-GANs)

Radford et al. (ICLR 2015)

https://arxiv.org/pdf/1511.06434.pdf


Latent Vector Arithmetic

Radford et al. (ICLR 2015)

https://arxiv.org/pdf/1511.06434.pdf


Many Variants of GAN Objectives 

figure credit: “Are GANs Created Equal? A Large-Scale Study” Lucic et al. 2018

https://arxiv.org/pdf/1711.10337.pdf


Some Confusion About What Really Matters

“Are GANs Created Equal? A Large-Scale Study” Lucic et al. 2018

https://arxiv.org/pdf/1711.10337.pdf


Progressive Growing of GANS

https://www.youtube.com/watch?v=XOxxPcy5Gr4
Progressive Growing (Karras et al., ICLR 2018)

https://www.youtube.com/watch?v=XOxxPcy5Gr4
https://arxiv.org/pdf/1710.10196.pdf


Progressive Growing 

Progressive Growing (Karras et al., ICLR 2018)

https://arxiv.org/pdf/1710.10196.pdf


Progressive Growing Details

• Start with 4x4 special resolution for both G and D
• As training advances, incrementally add layers, increasing resolution
• All layers remain trainable throughout the process
• Findings

• More stable synthesis in high resolutions
• Speeds up training considerably

Progressive Growing (Karras et al., ICLR 2018)

https://arxiv.org/pdf/1710.10196.pdf


Maintaining Equilibrium (BEGAN)

• Make the discriminator an autoencoder
• Idea—low loss for autoencoding real data, but high loss for 

autoencoding fake examples
• Adversarial game aims to match distribution of losses (vs pixels)
• Tune loss weighting dynamically to maintain parity



Semantically Decomposing Latents (SD–GAN)

Semantically Decomposing the Latent Spaces of Generative Adversarial Networks 
(Donahue, Lipton et al. ICLR 2017)

SEMANTICALLY%20DECOMPOSING%20THE%20LATENT%20SPACES%20OF%20GENERATIVE%20ADVERSARIAL%20NETWORKS
SEMANTICALLY%20DECOMPOSING%20THE%20LATENT%20SPACES%20OF%20GENERATIVE%20ADVERSARIAL%20NETWORKS


The Key Idea



SD-GAN Pseudo-Code



Examples



Conditional Generation

• Input Generator gets context x, noise z, produces output y = G(x, z) 
• Discriminator tries to distinguish fake pairs

from real input, target pairs 

<latexit sha1_base64="cJkbSf7fKK3gR+X3tuGBgvwiNsY=">AAACDXicbVDJSgNBEO2JW4xb1KOXxigkEMKMuB2DHvQYwSyQCUNPpydp0rPQXSPGYX7Ai7/ixYMiXr1782/sLAdNfFDweK+KqnpuJLgC0/w2MguLS8sr2dXc2vrG5lZ+e6ehwlhSVqehCGXLJYoJHrA6cBCsFUlGfFewpju4HPnNOyYVD4NbGEas45NewD1OCWjJyR/YiS2YB8Wr4r3Dyw+lMrb7BJJh6nBb8l4fSnbq5AtmxRwDzxNrSgpoipqT/7K7IY19FgAVRKm2ZUbQSYgETgVLc3asWETogPRYW9OA+Ex1kvE3KT7UShd7odQVAB6rvycS4is19F3d6RPoq1lvJP7ntWPwzjsJD6IYWEAni7xYYAjxKBrc5ZJREENNCJVc34ppn0hCQQeY0yFYsy/Pk8ZRxTqtnNwcF6oX0ziyaA/toyKy0BmqomtUQ3VE0SN6Rq/ozXgyXox342PSmjGmM7voD4zPH4A1mzs=</latexit>

{(G(xi, z), ŷi)}
<latexit sha1_base64="5jpBSt2j5nQo1rIVNj7NrtTDyRA=">AAAB9XicbVDLSsNAFL3xWeur6tLNYBEqSEnE17LoxmUF+4Amhsl02g6dTMLMRA2h/+HGhSJu/Rd3/o3TNgttPXDhcM693HtPEHOmtG1/WwuLS8srq4W14vrG5tZ2aWe3qaJEEtogEY9kO8CKciZoQzPNaTuWFIcBp61geD32Ww9UKhaJO53G1AtxX7AeI1gb6d7NKk8+O0apz47ckV8q21V7AjRPnJyUIUfdL3253YgkIRWacKxUx7Fj7WVYakY4HRXdRNEYkyHu046hAodUednk6hE6NEoX9SJpSmg0UX9PZDhUKg0D0xliPVCz3lj8z+skunfpZUzEiaaCTBf1Eo50hMYRoC6TlGieGoKJZOZWRAZYYqJNUEUTgjP78jxpnlSd8+rZ7Wm5dpXHUYB9OIAKOHABNbiBOjSAgIRneIU369F6sd6tj2nrgpXP7MEfWJ8/e7WR3g==</latexit>

{(xi, yi)}



Pix2Pix

Pix2Pix Isola et al. 2017

https://arxiv.org/abs/1611.07004


The U-Net Architecture 



Pix2Pix Learning Setup Adversarial Learning



Measuring Sample Quality

• Inception Score: feed generated images through Inception v3 model, 
measure entropy of outputs (lower better), diversity of labels. But what if 
training data for generative model looks nothing like ImageNet? 
• Frechet Inception Distance (FID): standard score, measures (mean & 

variance) of nodes in deepest representation layer of Inception v3
• Discriminator-based metrics: train classifier to distinguish real from fake, 

how easily can it do it (on frozen generator)
• Human-in-the-loop Evaluation: human assessments of quality are standard 

in many papers on image and music generation. Useful for assessing 
aesthetic properties but may not capture whether the model “learned the 
distribution”



Contrastive Language-Image Pre-training



CLIP Fast Facts

• Key idea: learn from natural language supervision
(appealing but hasn’t worked out in past)

• Source of data: “the internet” 400 million image-caption pairs from “a variety of 
sources”

• Rather than predicting captions, learn joint embeddings
• Model: 

• Two encoders, one for images, one for text
• L2 normalized outputs

• Training
• Sample a batch
• Take all dot-products between examples
• Calculate softmax + cross entropy along each row and column 
• Goal – predict the right caption for each image, right image for each caption
• Add the two losses loss_i, loss_t, updated by gradient descent



CLIP Overview



Key Results 

• Remarkable zero-shot acc. on new tasks
• Simply encode the label names as caption “an image of a ____”
• Prompt engineering on template helps
• Linear probes on CLIP outperform fully supervised pretrained!



Greater robustness under task shift



Robustness Under “Natural” Distribution Shifts



LAION (5B image open dataset)



Scaling Up CLIP Training Helps

● Increase the amount of training 
data: from 400M to 5B (along 
with compute) 

● Can we filter this raw common-
crawl data to get further gains at 
similar compute

Plot Credits: LAION5B paper



Task: Given a fixed training budget, filter out the best training subset 

Our Goal: Release a model whose vision embeddings become the de-facto 
standard across domains

Image Credits: Datacomp



Current Filtering Strategy : CLIP Filtering

CLIP Filtering (previous SOTA)

● Use pre-trained CLIP to calculate similarity between image-caption pairs

● Pretrained CLIP has OCR capabilities, so samples without any visual features are 
NOT discarded



Let’s dig deeper into Common Crawl
• For some image-caption pairs, caption don’t describe any visual features
• Model is asked to perform OCR



Method: Text Masking and Re-Scoring 

Text Detection  → Text Masking  → CLIP Score based Filtering

T-MARS (Maini, Goyal et al)

https://arxiv.org/abs/2307.03132


Result: Samples removed by both text-matching and T-MARS



Result: Gains over training on LAION increase logarithmically



Result: State of Art on DataComp



Datacomp

48



Diffusion Models

• Diffusion models consist of two processes
• Forward process where noise is iteratively added to an input
• Reverse (denoising) process that produces data given noise

• Training idea: run forward process, learn to predict noise
• Start with random noise, iteratively apply de-noising model

slide credit: Kreis, Gao, Vahdat tutorial

https://drive.google.com/file/d/1DYHDbt1tSl9oqm3O333biRYzSCOtdtmn/view
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slide credit: Kreis, Gao, Vahdat tutorial

https://drive.google.com/file/d/1DYHDbt1tSl9oqm3O333biRYzSCOtdtmn/view


Conditioning a Diffusion Model

• Conditioned Diffusion: include the label / caption as an input
• Classifier Guidance: add the gradient of a (pre-trained) classifier wrt 

to target class as signal to the denoising model 
 (push diffusion process towards target class at each step)
• CLIP Guidance (similar to classifier guidance but with CLIP model)
• Classifier-Free Guidance: loss based on difference between 

conditional vs unconditional likelihood



DALL-E 2 Architecture 



Cascaded Diffusion Models



slide credit: Kreis, Gao, Vahdat tutorial

https://drive.google.com/file/d/1DYHDbt1tSl9oqm3O333biRYzSCOtdtmn/view

