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Algorithmic Intelligence Lab

Classical (usually explicit) generative methods struggle on complex data
• Sampling from high-dimensional, complex distributions can be intractable

GANs [Goodfellow, et. al., 2014] do not explicitly model
• Two player game between discriminator network and generator network
• tries to discriminate real data and samples generated by      (“fake” samples)
• tries to fool by generating more “realistic” images
• GAN utilizes neural networks to model the sampling function itself

Generative Adversarial Networks (GAN)
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Two player game between discriminator network and generator network

Training objective:

• maximizes the objective:                     and
• minimizes the objective:

Generative Adversarial Networks (GAN)
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Early GANs suffer from several limitations: 

Limitation 1. Limited scalability with respect to data dimension 
• GANs had been difficult to be trained on high-resolution data 
• Will introduce recent crucial works to mitigate this problem (with controllability)

Limitation 2. Limited scalability with respect to dataset complexity
• Due to "mode collapse” problem, had been difficult to trained on complex data
• Will introduce recent works to scale-up GANs (even zero-shot text-to-image scale)

Limitation 3. Training instability
• GAN training had been extremely unstable due to bi-level training objective
• Will introduce recent simple yet effective techniques to solve this issue 

Generative Adversarial Networks (GAN)
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Early GANs could produce sharp images, but only at small resolutions
• It was still unstable on higher-resolution training despite some progress

Karras et al. (2018): Progressive growing of G and D (Progressive-GAN)
• Training GANs to directly generate high-res image might be too difficult!
• Progressive-GAN starts from learning low-resolution images
• It adds new layers to G and D during training for up-scaling into higher-resolution

Progressive GAN: High-Resolution Image Generation [Karras et al., 2018]

8* source : Karras, et. al., Progressive growing of GANs for improved quality, stability, and variation, ICLR 2018
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Smooth fade-in to the new layers during up-scale training
• To prevent “sudden shocks” to the pre-trained smaller-resolution layers
• Example: Upscaling transition (b)  from 16 × 16 to 32 × 32 ((a) → (c))

• Simply treat the higher resolution like a residual block
• The fade-in weight α increases linearly from 0 to 1 during training

Progressive GAN: High-Resolution Image Generation [Karras et al., 2018]

9* source : Karras, et. al., Progressive growing of GANs for improved quality, stability, and variation, ICLR 2018
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Progressive GAN: High-Resolution Image Generation [Karras et al., 2018]

10
Visual quality comparison: LSUN bedroom LSUN other categories generated image (256x256)

1024x1024 images generated using the CELEBA-HQ dataset
https://www.youtube.com/watch?v=G06dEcZ-QTg&feature=youtu.be

* source : Karras, et. al., Progressive growing of GANs for improved quality, stability, and variation, ICLR 2018

https://www.youtube.com/watch?v=G06dEcZ-QTg&feature=youtu.be
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Interpolation on the latent space of GAN yields smooth, but non-linear changes
• Features not in both end-points appear along the interpolation path

Unavoidable entanglement: Input space must follow density of the training data

Karras et al. (2019): Consider intermediate latent space representing a “style”

StyleGAN: A Style-Based Generator Architecture [Karras et al., 2019]

11

Latent space interpolations with Progressive GAN 
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StyleGAN proposes to use a non-linear mapping network
• Implemented using an 8-layer fully-connected neural network

Mapping from     (input space) to meaningful features directly is too complex
Mapping from       (intermediate) to such features can be more simpler

StyleGAN: A Style-Based Generator Architecture [Karras et al., 2019]

12* source : Rani Horev's blog

Illustration of disentanglement
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Adaptive instance normalization (AdaIN)
• Motivated by the instance normalization [Huang et al., 2017]

𝐲 = 𝐲𝐬, 𝐲𝐛 is called by a “style” 
• A learned affine-transformation of 𝑤 ∈ 𝒲
• Can control high-level attributes (e.g., pose, identity of face images)

Applied after all the convolutional layer in the synthesis network    

StyleGAN: A Style-Based Generator Architecture [Karras et al., 2019]

13* source : Rani Horev's blog

style
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Explicit noise inputs for stochastic variation
• Single-channel images of Gaussian noise
• Aims to control the stochastic details, e.g., freckles, hair of face images

A noise channel      is fed to every layer of the synthesis network
• Broadcasted across features with learned per-feature scaling factors 

StyleGAN: A Style-Based Generator Architecture [Karras et al., 2019]

14* source : Rani Horev's blog
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StyleGAN improves state-of-the-art in terms of FID

Better interpolation properties, and disentangles the latent factors of variation

StyleGAN: A Style-Based Generator Architecture [Karras et al., 2019]
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Karras et al. (2020a): Some buggy-artifacts in StyleGAN samples
• Blob-shaped artifacts found in most of StyleGAN images (and hidden features)

StyleGAN2 includes several design modifications on StyleGAN to address the issue

StyleGAN2: Analyzing and Improving the Image Quality of StyleGAN [Karras et al., 2020a]

16
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Blob-shaped artifacts found in most of StyleGAN images (and hidden features)
1. The anomaly starts to appear around 64×64 resolution
2. It becomes progressively stronger at higher resolutions

If so, why the discriminator could not detect those artifacts?

• Karras et al. (2020a): AdaIN operation can be problematic
• AdaIN normalizes each feature map separately
• This can destroy any magnitude information in the features 

relative to each other

• Hypothesis: they “sneak” some information past AdaIN

StyleGAN2: Analyzing and Improving the Image Quality of StyleGAN [Karras et al., 2020a]

17
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Karras et al. (2020a): AdaIN operation can be problematic
• AdaIN normalizes each feature map separately
• This can destroy any magnitude information in the features relative to each other

Hypothesis: they “sneak” some information past AdaIN
• Observation: the artifacts disappear when the normalization step is removed

Generator architecture revisited ⇒ No artifacts anymore!

1. Bias outside the style block
• StyleGAN applies bias & noise 

“within” the style block
• Inversely proportional impact

to the current magnitude
• This design is more predictable

2. No norm/mod for means
• It was possible after (1) is made
• Much simplifies the design

StyleGAN2: Analyzing and Improving the Image Quality of StyleGAN [Karras et al., 2020a]
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Karras et al. (2020a): AdaIN operation can be problematic
• AdaIN normalizes each feature map separately
• This can destroy any magnitude information in the features relative to each other

Hypothesis: they “sneak” some information past AdaIN
• Observation: the artifacts disappear when the normalization step is removed

Generator architecture revisited ⇒ No artifacts anymore!

3. Weight de-modulation
• A “weaker notion” of AdaIN
• AdaIN is originally for removing 

the effect of input modulation
• StyleGAN2 instead implement these 

“Mod + AdaIN” by weight re-scaling

StyleGAN2: Analyzing and Improving the Image Quality of StyleGAN [Karras et al., 2020a]
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Path length regularization
• Recall the mapping network
• Prior: a fixed step in 𝒲 results in a fixed-sized change in

• ;     : random image
• : The Jacobian matrix 

Improved architectural design
• StyleGAN follows simple feedforward designs 
• StyleGAN2 considers better architectural choices

• Skip connections for G
• Residual network design for D

StyleGAN2: Analyzing and Improving the Image Quality of StyleGAN [Karras et al., 2020a]

20
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Algorithmic Intelligence Lab

StyleGAN2 successfully removes the buggy-artifacts of StyleGAN
• Weight de-modulation significantly improves the recall of generations
• Simply using larger StyleGAN could not be comparable with StyleGAN2

StyleGAN2: Analyzing and Improving the Image Quality of StyleGAN [Karras et al., 2020a]
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Algorithmic Intelligence Lab

Karras et al. (2021): Still, some buggy-artifacts in StyleGAN2 latent space
• Texture striking problem in most StyleGAN2 images
• Textures (or details) appear to be fixed in pixel coordinates

StyleGAN3 includes several design modifications to address this issue

StyleGAN3: Alias-Free Generative Adversarial Networks [Karras et al., 2021]
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Algorithmic Intelligence Lab

Current GANs do not synthesize images in a natural hierarchical manner  
1. Previous coarse features control the “presence” of finer features
2. Yet, such details to be fixed in pixel coordinates 

Why? Unintentional positional references drawn on the intermediate layers
• Faint after-images of the pixel grid from non-ideal up-sampling (e.g., nearest)
• Pointwise application of non-linearities (e.g., ReLU)

Goal: Continuous equivariance to sub-pixel translation (& rotation) in all layers

StyleGAN3: Alias-Free Generative Adversarial Networks [Karras et al., 2021]
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Algorithmic Intelligence Lab

Nyquist-Shannon sampling theorem [Shannon, 1949]
• Regular, discrete signal can represent any continuous signals of frequencies 0-

Whittaker-Shannon interpolation formula [Shannon, 1949]

StyleGAN3: Alias-Free Generative Adversarial Networks [Karras et al., 2021]
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: “sampling rate”

z(x) = (�s ⇤ Z)(x), and Z(x) = Шs � z(x)
<latexit sha1_base64="dofT7IRoFlUPW0NktlH0BguFh7k="></latexit><latexit sha1_base64="dofT7IRoFlUPW0NktlH0BguFh7k="></latexit><latexit sha1_base64="dofT7IRoFlUPW0NktlH0BguFh7k="></latexit><latexit sha1_base64="dofT7IRoFlUPW0NktlH0BguFh7k="></latexit>

�s(x) := sinc(sx0) · sinc(sx1), where sinc(x) :=
sin(⇡x)

⇡x
<latexit sha1_base64="FWni3/yrmfp5/TIfmq5v7FGvaLE="></latexit><latexit sha1_base64="FWni3/yrmfp5/TIfmq5v7FGvaLE="></latexit><latexit sha1_base64="FWni3/yrmfp5/TIfmq5v7FGvaLE="></latexit><latexit sha1_base64="FWni3/yrmfp5/TIfmq5v7FGvaLE="></latexit>

Шs(x) :=
X

X2Z2

�(x� (X + 1
2 )/s)

<latexit sha1_base64="h7iBiCwSWp/jyrAcuo6R4pTIRa4="></latexit><latexit sha1_base64="h7iBiCwSWp/jyrAcuo6R4pTIRa4="></latexit><latexit sha1_base64="h7iBiCwSWp/jyrAcuo6R4pTIRa4="></latexit><latexit sha1_base64="h7iBiCwSWp/jyrAcuo6R4pTIRa4="></latexit>



Algorithmic Intelligence Lab

Continuous representation of network layers
• A neural network operation 𝐅 works on a discrete feature map: 𝑍! = 𝐅(𝑍)
• Consider its continuous counterpart, 𝑧! = 𝐟(𝑧), from the correspondence of 𝑧 ↔ 𝑍

• … as long as both (a) and (b) are band-limited (to 𝑠/2 and 𝑠′/2, resp.)

“Equivariant” network layer (w.r.t. a spatial transformation 𝐭)?
1. 𝐟 ∘ 𝐭 = 𝐭 ∘ 𝐟 (commute) in the continuous domain
2. 𝐟 (and 𝐭) must not generate frequency above the output bandlimit of 𝑠′/2

Four operations in ConvNets: Convolution, Up/down-sampling, and Nonlinearity
• Here, we primarily discuss on the case of translation equivariance
• See the full paper for additional tricks to handle the rotation equivariance 

StyleGAN3: Alias-Free Generative Adversarial Networks [Karras et al., 2021]
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Case 1: Convolution – 𝐅#$%& 𝑍 = 𝐾 ∗ 𝑍
• Consider a discrete kernel 𝐾 with sampling rate 𝑠

• Introduces no new frequencies – the bandlimit requirement fulfilled
• Convolution commutes with translation in the continuous domain

Case 2: Up-sampling (𝑠' > 𝑠) – 𝐟() 𝑧 = 𝑧
• Translation (and rotation) equivariance follow from being an identity in the 

continuous domain

• The operation can be simpler to implement when 𝑠! = 𝑛𝑠 (𝑛: an integer)
• First interleave 𝑍 with zeros, and then convolve it with 

StyleGAN3: Alias-Free Generative Adversarial Networks [Karras et al., 2021]
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Case 3: Down-sampling (𝑠' < 𝑠) – 𝐟*$+% 𝑧 = 𝜓,! ∗ 𝑧, where 𝜓, ≔ 𝑠- ⋅ 𝜙,
• Low-pass filter to 𝑧 to remove frequencies above the output bandlimit

• In case of 𝑠 = 𝑛𝑠!: a discrete convolution by dropping sample points
• Translation equivariance follows from the commutativity of 𝐟"#$%

StyleGAN3: Alias-Free Generative Adversarial Networks [Karras et al., 2021]
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Case 4: Non-linearities (e.g., ReLU)
• Pointwise nonlinearity 𝜎 commutes with translation (and rotation) in the 

continuous domain
• However, The bandlimit constraint is problematic 

• ReLU in the continuous domain may introduce arbitrarily high frequencies
• Solution: Low-pass filtering of 𝜎 𝑧 via 𝜓&

• In practice, 𝐅'(𝑍) can’t be realized without temporarily entering the continuous 𝑧
• Solution: Upsampling – ReLU – Downsampling
• Only a 2× temporary upsampling was sufficient for high-quality equivariance 

StyleGAN3: Alias-Free Generative Adversarial Networks [Karras et al., 2021]
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StyleGAN3 successfully achieves equivariance and avoid the texture-striking 
• Several techniques (e.g., Fourier features) to compensate worse FID

StyleGAN3: Alias-Free Generative Adversarial Networks [Karras et al., 2021]
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Early GANs suffer from several limitations: 

Limitation 1. Limited scalability with respect to data dimension 
• GANs had been difficult to be trained on high-resolution data 
• Will introduce recent crucial works to mitigate this problem (with controllability)

Limitation 2. Limited scalability with respect to dataset complexity
• Due to "mode collapse” problem, had been difficult to trained on complex data
• Will introduce recent works to scale-up GANs (even zero-shot text-to-image scale)

Limitation 3. Training instability
• GAN training had been extremely unstable due to bi-level training objective
• Will introduce recent simple yet effective techniques to solve this issue 

Generative Adversarial Networks (GAN)
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Collecting more data is perhaps the best way to generalize better 

Data augmentation (DA) makes artificial data instead of collecting more
• Requires some knowledge on making “good” artificial data

Have been especially effective for discriminative modeling

Example: Rigid transformation symmetries
• Translation, dilation, rotation, mirror symmetry, …

• Forms an affine group on pixels:

Data augmentations for GANs
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Translation Dilation Rotation Mirror symmetry

*source : https://github.com/joanbruna/MathsDL-spring18/blob/master/lectures/lecture2.pdf
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Algorithmic Intelligence Lab

Collecting more data is perhaps the best way to generalize better 

Data augmentation (DA) makes artificial data instead of collecting more
• Requires some knowledge on making “good” artificial data

Have been especially effective for discriminative modeling

DA for GANs? (or for generative modeling in general?)
• Not much explored until very recently [Zhang et al., 2019]
• Why? Current DA practices for discriminative modeling might by too strong
• How can we incorporate the distribution shifts                                 ?

Data augmentations for GANs

32
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How can we incorporate the distribution shifts                              ?
• Naïve augmentation of real images would shift the data distribution

Zhang et al. (2019): Consistency regularization for GANs (CRGAN)
• Enforcing only “consistency” can effectively incorporate  

Consistency Regularization for GANs [Zhang et al., 2019]
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Enforcing consistency can effectively incorporate
• Training data is not directly augmented by 𝑇, but only consider 𝑫 𝒙 ≈ 𝑫 𝑻 𝒙
• D should learn representation that is invariant to 𝑇

Consistency Regularization for GANs [Zhang et al., 2019]
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Does CR really learn differently than simple augmentation?

• Both CR and Aug. prevent overfitting of the discriminator
• However, CR is the one that could only meaningfully improve FIDs

Which augmentations should we use?
• The choice of augmentation does matter in GAN training
• For CR, a simple choice of “Random shift & flip” worked best

Consistency Regularization for GANs [Zhang et al., 2019]
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CR surprisingly stabilizes GAN training on various existing practices

CR further improves state-of-the-art BigGAN training  

Consistency Regularization for GANs [Zhang et al., 2019]
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Recall: How can we incorporate the distribution shifts                              ?

Then would it be just enough with CR for GANs?
• Still, CR does not perfectly prevent the shifting issue in GAN 
• For certain augmentations, e.g., CutOut, CR often make “leakages”

Zhao et al. (2020): Balanced Consistency regularization (bCR)
• bCR alleviates such leakages by also giving consistency to “fake” images

“Improved” Consistency Regularization for GANs [Zhao et al., 2020a]
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Zhao et al. (2020): Balanced Consistency regularization (bCR)
• bCR alleviates such leakages by also giving consistency to “fake” images

“Improved” Consistency Regularization for GANs [Zhao et al., 2020a]
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Zhao et al. (2020): Balanced Consistency regularization (bCR)

Despite its simplicity, bCR could achieve state-of-the-art BigGAN training

“Improved” Consistency Regularization for GANs [Zhao et al., 2020a]
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Is CR really necessary for GANs to incorporate data augmentations?

Limitation of CR: Fundamentally hard to incorporate stronger augmentations

Example: Color jittering
• The “redness” is not helpful to improve FID with CR 
• Forcing CR for such a stronger augmentation 

might be too restrictive for D representation

How can we incorporate stronger augmentations for GANs?

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]

40* source: [ZhaoZ et al., 2020b] Image Augmentations for GAN Training, 2020.
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Algorithmic Intelligence Lab

Is CR really necessary for GANs to incorporate data augmentations?

How can we incorporate stronger augmentations for GANs?

Two recent works propose a “even simpler” scheme for GANs
• [Zhao et al., 2020b] “Differentiable Augmentation for Data-Efficient GAN Training”
• [Karras et al., 2020b] “Training Generative Adversarial Networks with Limited Data”

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]
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Is CR really necessary for GANs to incorporate data augmentations?

How can we incorporate stronger augmentations for GANs?

Two recent works propose a “even simpler” scheme for GANs
• [Zhao et al., 2020b] “Differentiable Augmentation for Data-Efficient GAN Training”
• [Karras et al., 2020b] “Training Generative Adversarial Networks with Limited Data”

Idea: Simply augment every input before D, even when G is trained
• No CR needed anymore, and accept stronger augmentations without leakages

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]
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Two concurrent works propose a “even simpler” scheme for GANs

Idea: Simply augment every input before D, even when G is trained

Then, how could this approach have not been explored so far?
• This requires a differentiable implementation of 𝑇 ⋅ for training G

• Example: Non-saturating loss should minimize  
• Nevertheless, most of the previous implementations of 𝑇 were non-differentiable

• … as they were rather considered as pre-processing steps
• In this respect, the “differentiability” of 𝑇 is becoming increasingly important

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]
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Adaptive Discriminator Augmentation (ADA) [Karras et al., 2020b]

Which augmentation should we use? 
• Key point: There should be no leakage of augmentations

Example: Random 90° rotations as 
• Assume 𝐱: generated distribution and 𝐲: target distribution
• Q: ADA matches                     : then, does it always imply             ?
• A: No, imagine when      goes like “E” below → augmentation leakage

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]
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<latexit sha1_base64="ljheNdnlfajWdjSsi4PVLK5pFew=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWwVVJRNCNUHTjsoJ9QBvKZDpph04mYWYilpCNv+LGhSJu/Qx3/o2TNoK2Hhg4c8693HuPH3OmtON8WaWl5ZXVtfJ6ZWNza3vH3t1rqSiRhDZJxCPZ8bGinAna1Exz2oklxaHPadsfX+d++55KxSJxpycx9UI8FCxgBGsj9e2DXoj1yA/Shwxdop/PJOvbVafmTIEWiVuQKhRo9O3P3iAiSUiFJhwr1XWdWHsplpoRTrNKL1E0xmSMh7RrqMAhVV46PSBDx0YZoCCS5gmNpurvjhSHSk1C31TmG6p5Lxf/87qJDi68lIk40VSQ2aAg4UhHKE8DDZikRPOJIZhIZnZFZIQlJtpkVjEhuPMnL5LWac11au7tWbV+VcRRhkM4ghNw4RzqcAMNaAKBDJ7gBV6tR+vZerPeZ6Ulq+jZhz+wPr4B0z+Wiw==</latexit><latexit sha1_base64="ljheNdnlfajWdjSsi4PVLK5pFew=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWwVVJRNCNUHTjsoJ9QBvKZDpph04mYWYilpCNv+LGhSJu/Qx3/o2TNoK2Hhg4c8693HuPH3OmtON8WaWl5ZXVtfJ6ZWNza3vH3t1rqSiRhDZJxCPZ8bGinAna1Exz2oklxaHPadsfX+d++55KxSJxpycx9UI8FCxgBGsj9e2DXoj1yA/Shwxdop/PJOvbVafmTIEWiVuQKhRo9O3P3iAiSUiFJhwr1XWdWHsplpoRTrNKL1E0xmSMh7RrqMAhVV46PSBDx0YZoCCS5gmNpurvjhSHSk1C31TmG6p5Lxf/87qJDi68lIk40VSQ2aAg4UhHKE8DDZikRPOJIZhIZnZFZIQlJtpkVjEhuPMnL5LWac11au7tWbV+VcRRhkM4ghNw4RzqcAMNaAKBDJ7gBV6tR+vZerPeZ6Ulq+jZhz+wPr4B0z+Wiw==</latexit><latexit sha1_base64="ljheNdnlfajWdjSsi4PVLK5pFew=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWwVVJRNCNUHTjsoJ9QBvKZDpph04mYWYilpCNv+LGhSJu/Qx3/o2TNoK2Hhg4c8693HuPH3OmtON8WaWl5ZXVtfJ6ZWNza3vH3t1rqSiRhDZJxCPZ8bGinAna1Exz2oklxaHPadsfX+d++55KxSJxpycx9UI8FCxgBGsj9e2DXoj1yA/Shwxdop/PJOvbVafmTIEWiVuQKhRo9O3P3iAiSUiFJhwr1XWdWHsplpoRTrNKL1E0xmSMh7RrqMAhVV46PSBDx0YZoCCS5gmNpurvjhSHSk1C31TmG6p5Lxf/87qJDi68lIk40VSQ2aAg4UhHKE8DDZikRPOJIZhIZnZFZIQlJtpkVjEhuPMnL5LWac11au7tWbV+VcRRhkM4ghNw4RzqcAMNaAKBDJ7gBV6tR+vZerPeZ6Ulq+jZhz+wPr4B0z+Wiw==</latexit><latexit sha1_base64="ljheNdnlfajWdjSsi4PVLK5pFew=">AAACAHicbVDLSsNAFL2pr1pfURcu3AwWwVVJRNCNUHTjsoJ9QBvKZDpph04mYWYilpCNv+LGhSJu/Qx3/o2TNoK2Hhg4c8693HuPH3OmtON8WaWl5ZXVtfJ6ZWNza3vH3t1rqSiRhDZJxCPZ8bGinAna1Exz2oklxaHPadsfX+d++55KxSJxpycx9UI8FCxgBGsj9e2DXoj1yA/Shwxdop/PJOvbVafmTIEWiVuQKhRo9O3P3iAiSUiFJhwr1XWdWHsplpoRTrNKL1E0xmSMh7RrqMAhVV46PSBDx0YZoCCS5gmNpurvjhSHSk1C31TmG6p5Lxf/87qJDi68lIk40VSQ2aAg4UhHKE8DDZikRPOJIZhIZnZFZIQlJtpkVjEhuPMnL5LWac11au7tWbV+VcRRhkM4ghNw4RzqcAMNaAKBDJ7gBV6tR+vZerPeZ6Ulq+jZhz+wPr4B0z+Wiw==</latexit>

x
<latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit><latexit sha1_base64="P/78WoKPqTPMAmrnJ7K8sbyWLsQ=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbCu2oWy2m3bpZhN2X8QS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSKQw6LrfTmlldW19o7xZ2dre2d2r7h+0TZxqxlsslrG+D6jhUijeQoGS3yea0yiQvBOMr3O/88i1EbG6w0nC/YgOlQgFo2ilh15EcRSE2dO0X625dXcGsky8gtSgQLNf/eoNYpZGXCGT1Jiu5yboZ1SjYJJPK73U8ISyMR3yrqWKRtz42SzxlJxYZUDCWNunkMzU3xsZjYyZRIGdzBOaRS8X//O6KYaXfiZUkiJXbP5RmEqCMcnPJwOhOUM5sYQyLWxWwkZUU4a2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYKHiGV3hzjPPivDsf89GSU+wcwh84nz/9OZEc</latexit>



Algorithmic Intelligence Lab

Adaptive Discriminator Augmentation (ADA) [Karras et al., 2020b]

Which augmentation should we use? 
• Key point: There should be no leakage of augmentations

Example: Random 90° rotations as 

Idea: The leakage of any      can be controlled by setting 𝑝 ∈ [0, 1]

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]
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T
<latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit>

T
<latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit>

The prob. of 
executing T

<latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit><latexit sha1_base64="77YRmHrEMtg+VcaIbemULYAWkRw=">AAAB8nicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmWFvqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63U9rY3NreKe9W9vYPDo+qxycdE6ea8TaLZax7ATVcCsXbKFDyXqI5jQLJu8H0Pve7T1wbEasWzhLuR3SsRCgYRSv1BxHFCaMya82H1Zpbdxcg68QrSA0KNIfVr8EoZmnEFTJJjel7boJ+RjUKJvm8MkgNTyib0jHvW6poxI2fLSLPyYVVRiSMtX0KyUL9vZHRyJhZFNjJPKJZ9XLxP6+fYnjrZ0IlKXLFlh+FqSQYk/x+MhKaM5QzSyjTwmYlbEI1ZWhbqtgSvNWT10nnqu65de/xuta4K+oowxmcwyV4cAMNeIAmtIFBDM/wCm8OOi/Ou/OxHC05xc4p/IHz+QONLZFq</latexit>



Algorithmic Intelligence Lab

Adaptive Discriminator Augmentation (ADA) [Karras et al., 2020b]

Which augmentation should we use? 
• Key point: There should be no leakage of augmentations

Idea: The leakage of any      can be controlled by setting 𝑝 ∈ [0, 1]

ADA also proposes a heuristic to adaptively set 𝑝 in training by observing 𝑟.

• 𝑟( = 0: No overfitting / 𝑟( = 1: Complete overfitting
• 𝑝 of the augmentation is initially set to 0 
• Increase/decrease 𝑝 when 𝑟( is low/high, resp. 

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]
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T
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Adaptive Discriminator Augmentation (ADA) [Karras et al., 2020b]

• ADA successfully incorporate wider augmentations than bCR

• ADA works significantly better than bCR when # sample is small

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]
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Adaptive Discriminator Augmentation (ADA) [Karras et al., 2020b]

• ADA significantly improves GAN training especially on limited-sized datasets

Beyond the Consistency Regularization [Zhao et al., 2020b; Karras et al., 2020b]
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Can we use pre-trained features for efficient GAN training?

Projected GAN: Uses pre-trained features that dramatically boost GAN training

• Even 17x faster than ADA (up to 40x), and can reaches 0.6x lower FID

Projected GANs Converge Faster [Sauer et al., 2021]
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Main idea: Adapt multi-scale “feature projectors”         into GAN training

• Here, projectors          are based on pre-trained networks (will be described later)

Projected GANs Converge Faster [Sauer et al., 2021]
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How to use pretrained-networks as feature projectors         ?   

• Observed using intermediate features 𝐿/ directly is not beneficial

• They might be too easy to discriminate → added some “random projections”

Projected GANs Converge Faster [Sauer et al., 2021]
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Random 1x1 convolution layers 
(channel mixing)

Random 3x3 convolution layers
(yielding U-Net like architecture) 



Algorithmic Intelligence Lab

Which pre-trained feature network is beneficial?   

• Tried various popular pretrained image models (EfficientNet, ResNet, ViT)

• Mostly relied on pretrained networks for image classification (or CLIP)
• Turns out “compact” EfficientNets outperform others  

Projected GANs Converge Faster [Sauer et al., 2021]
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Projected GANs show better/faster convergence, both on large-/small- datasets

• The method is even scalable to high-resolution datasets (megapixels)

Projected GANs Converge Faster [Sauer et al., 2021]
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Projected GANs show better/faster convergence, both on large-/small- datasets

• The method is even scalable to high-resolution datasets (megapixels)

Projected GANs Converge Faster [Sauer et al., 2021]
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Early GANs suffer from several limitations: 

Limitation 1. Limited scalability with respect to data dimension 
• GANs had been difficult to be trained on high-resolution data 
• Will introduce recent crucial works to mitigate this problem (with controllability)

Limitation 2. Limited scalability with respect to dataset complexity
• Due to "mode collapse” problem, had been difficult to trained on complex data
• Will introduce recent works to scale-up GANs (even zero-shot text-to-image scale)

Limitation 3. Training instability
• GAN training had been extremely unstable due to bi-level training objective
• Will introduce recent simple yet effective techniques to solve this issue 

Generative Adversarial Networks (GAN)

55



Algorithmic Intelligence Lab

BigGAN is a holistic approach of recent techniques for training GANs

Current cGAN techniques can be successfully scaled up to generate 
high-resolution, diverse samples from complex datasets such as ImageNet

Achieved first promising results in terms of IS and FID on 128×128 ImageNet

BigGAN: High-resolution, Diverse Image Generation [Brock et al., 2019]

56* source : Brock, et. al., Large Scale GAN Training for High Fidelity Natural Image Synthesis, ICLR 2019
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A holistic approach of previous GAN techniques
1. Based on prior popular GANs: 

SAGAN [Zhang et al., 2019] + Spectral normalization [Miyato et al., 2018]
2. Class-conditional modeling 

• G: Class-conditional BatchNorm [Dumoulin et al., 2017] 
• D: Projection discriminator [Miyato et al., 2018]

Several further techniques needed to stabilize the large-scale training 
1. Shared embedding of 𝐲 across multiple layers
2. Skip connection (residual) of the latent variable
3. Orthogonal regularization

BigGAN: High-resolution, Diverse Image Generation [Brock et al., 2019]

57* source : Brock, et. al., Large Scale GAN Training for High Fidelity Natural Image Synthesis, ICLR 2019

SAGAN + SN Conditional BN
Projection D

Shared embed
Skip connection
Orthogonal reg.

BigGAN

Baseline Conditioning Stabilizing

Scale up

weight matrix
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Shared embedding of class information
• Instead of having a separate layer at the end for embedding [Miyato et al., 2018]
• Linearly projected to each layer’s gains and biases [Perez et al., 2018]

Skip connections (skip- ) from     across multiple layers of G 
• Allows     to directly influence the features at different resolutions

BigGAN: High-resolution, Diverse Image Generation [Brock et al., 2019]
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shared embedding

skip connection

The BigGAN architecture
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Increasing the batch size by 8x improves the state-of-the-art IS by 46%

Increasing the width (# channels) by 1.5x leads to a further improvement
Truncation trick: could further fine-control FID vs. IS

• Trade-off between variety vs. fidelity 
• Simply truncate the variance of the latent variable

BigGAN: High-resolution, Diverse Image Generation [Brock et al., 2019]

59* source : Brock, et. al., Large Scale GAN Training for High Fidelity Natural Image Synthesis, ICLR 2019

Scale up
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Motivation: Can we enjoy BigGAN-like scalability with StyleGAN-like architectures?
• BigGAN shows good scalability, but they lack of latent controllability 
• StyleGANs show good controlability, but have poor scalability to large datasets 

StyleGAN-XL: Careful architecture modification of StyleGAN can acheive the goal
• Build upon the most recent StyleGAN3

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2021] 
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Update 1: Use projected GAN + smaller dimension for z

• Projected GAN: Exploit pre-trained 
feature from large image datasets

• Small z: Conventional z ∈ ℝ01- is  
too high-dimensional and redundant
• Reduce the dimension to 64, while 

maintaining the style 
code dimension 𝑤 ∈ ℝ)*+

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2022] 
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Update 2: Use pretrained class embedding instead of fully learnable embedding

• Prior work: Use 512-dimensional 
embedding (learnable) from 
the one-hot class label

• StyleGAN-XL: Learn a mapping from
pretrained class embedding (feature
mean of each ImageNet class) to 
the 64-dimensional embedding

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2022] 
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Update 3: Reintroducing progressive growing

• Progressive growing: Discard in early
StyleGANs as it is known to cause
“texture striking” problem

• StyleGAN3 shows aliasing-preventing
layer can prevent it; StyleGAN-XL
reconsiders progressive growing

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2022] 
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Update 4: Use multiple pretrained networks for projected GAN

• Projected GAN: Investigates which
pretrained backbone is the most
beneficial, but not in their synergy

• In addition to EfficientNet (most 
beneficial), adopting ViT provides
dramatic performance improvement

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2022] 
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Update 5: Classifier guidance during the training 

• To further benefit from class label,
use classifier guidance during training
(NOT the guidance on sampling)

• Regularize the generator with
cross-entropy loss on generated 
image and corresponding lables

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2022] 
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Experiment: Outperforms prior arts on class-conditional ImageNet generation 

• Remarkably, it first succeeds ImageNet generation on 10242 resolution 

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2022] 
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Experiment: Also enjoys controllability of StyleGAN (interpolation/manipulation)

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2022] 
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Experiment: Also enjoys controllability of StyleGAN (interpolation/manipulation)

StyleGAN-XL: Scaling StyleGAN to Large Diverse Datasets [Sauer et al., 2022] 
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Question: Can we scale-up GANs even for zero-shot text-to-image syntehsis?
• There are two concurrent works that achieved remarkable progress
• In contrast to diffusion models, synthesis speed is really fast (<1 second)

StyleGAN-T: First achieves text-to-image generation using GANs 
GigaGAN: Also achieves text-to-image generation, even on megapixel resolution

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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StyleGAN-T: Re-design StyleGAN-XL to achieve better scalability

Generator: Return-back to StyleGAN2 generator (instead of StyleGAN3)

• As equivariance may be too hard
condition to achieve for T2I

Some other details:
• Uses recent residual blocks for 

increasing the model capacity
(normalize → block → scale)

• Text condition 𝑐 is often ignored
→ bypass it to mapping network
and concatenate directly to 𝑤

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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StyleGAN-T: Re-design StyleGAN-XL to achieve better scalability

Discriminator: Redesign based on the principle of StyleGAN-XL

• Pretrained feature network: Switch to ViT trained with DINO
• Lightweight, encodes semantic information at high-resolution
• Leads to ~2.5x faster training compared with StyleGAN-XL

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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Experiment: Shows reasonable synthesis results with remarkably fast inference

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Generator: Also starts from StyleGAN2 generator architecture
• Proposes several components to increase the model capacity in stable manner

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Update 1. Interleaving attention with convolution for long range relationship
• To stabilize the training, forced Lipschitz continuity for the attention layers
• Used techniques in ViT-GAN that adopts attentions in GANs [Lee et al., 2022]

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Update 2. Improved text conditioning: use both of local/global text information
• Local information – feed into intermediate attention layer of the generator
• Global information – feed into mapping network to get the style code w 

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Update 3. Sample adaptive kernel selection to increase the capacity of conv. layer
• Consider a “bank” of N convolution filters
• Style vector predict a set of weights to average across the filters 

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Update 4. Trains additional text-guided GAN-based upsampler
• Based on U-Net architectures
• Compared with diffusion model, can be efficient as it only requires a single step

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Discriminator. Proposes architecture/objectives specialized for text-condition

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Update 1. Design discriminator from a pretrained network weights (CLIP)
• A few learnable attention layers (yellow) are added 

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Update 2. Multi-scale input, multi-scale output adversarial loss
• If not, early, low-resolution layers of the generator easily become inactive

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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GigaGAN: Shows more scalable text-to-image synthesis results 

Update 3. Matching loss to enforce discriminators to incorporate conditioning
• Provide the sample and the random text condition as a fake pair as well

Update 4. CLIP contrastive loss to enforce the generator

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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Experiment: Shows scalable text-to-image synthesis results (up to megapixels)

Scaling GANs tor zero-shot Text-to-Image Synthesis [Sauer et al., 2023; Kang et al., 2023]
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1. Generative Adversarial Networks (GANs)
• “Controllable” GANs on high-dimensional images
• Scaling GANs to complex large-scale dataset
• Recent techniques to mitigate overfitting 

2. Generative Diffusion Processes
• Formulations: Score-based models and diffusion models
• Efficient solvers and distillation
• Guidance techniques

3. Other Generative Models
• Scaling Variational autoencoders (VAEs)
• Autoregressive modeling
• Generative Transformers with masked modeling

4. Summary

Table of Contents
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“Diffusion models” and “score-based models” are now used interchangeably

• But they share lots of similarities and differences simultaneously

• In this lecture, we first clarify how they are similar and different 

Overview: Score-based models and diffusion models

84

Score-matching
[Hyvärinen, 2005]

NCSN
[Song et al., 2019]

DPMs
[Sohi-Dickstein et al., 2015]

DDPM
[Ho et al., 2020]

SDE-formulation
[Song et al., 2021]

EDM
[Karras et al., 2022]

Diffusion models

Score-based models

Unifying views
(Some people call these 

“generative diffusion process”)



Algorithmic Intelligence Lab

Overview: Score-based models and diffusion models
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Score matching [Hyvärinen, 2005]

Score matching: Match the scores of data and model distribution
• However, we don’t know the scores of data distribution
• Instead, one can use the equivalent form (proof by integration of parts)

Sampling: Done with iterative procedure 
• Starting from arbitrary prior distribution
• It is known as “Langevin dynamics”

Score Matching [Hyvärinen, 2005]

86
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Score matching [Hyvärinen, 2005]

Score matching: Match the scores of data and model distribution
• However, we don’t know the scores of data distribution
• Instead, one can use the equivalent form (proof by integration of parts)

Score Matching [Hyvärinen, 2005]
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Score matching [Hyvärinen, 2005]

Score matching: Match the scores of data and model distribution
• However, we don’t know the scores of data distribution
• Instead, one can use the equivalent form (proof by integration of parts)

Weighted sum: Leads inaccurate results in low-density region

Score Matching [Hyvärinen, 2005]
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Image from https://yang-song.net/blog/2021/score/
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How to mitigate this problem?
• Perturb data points with noise and train score-based models on the noisy data
• With large noise scale, can improve score estimation on low data density

Tradeoff caused by different noise scale:
• Large noise: Cover more low-density region but over-corrupts data from original one
• Small noise: Does not cover low-density region but preserves the original data

Score Matching [Hyvärinen, 2005]
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NCSN: Use multiple noise scales simultaneously to achieve the best of both words
1. Consider noise-perturbed distribution for decreasing stdev.

2. Train the score model 

Sampling: Done with “annealed” Langevin dynamics

Noise-conditional Score Network (NCSN) [Song et al., 2019]
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Overview: Score-based models and diffusion models
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Diffusion probabilistic models [Sohl-Dickstein et al., 2015]
• Diffusion (forward) process: Markov chain that gradually add noise (of same

dimension of data) to data until original the signal is destroyed

• Sampling (backward) process: Markov chain with learned Gaussian denoising
transition, starting from standard Gaussian noise

Denoising Diffusion Probabilistic Models (DDPM) [Ho et al., 2020]
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Diffusion probabilistic models [Sohl-Dickstein et al., 2015]
• Here, the forward distribution 𝑞 𝑥,-* 𝑥, , 𝑥. can be expressed as a closed form
• Variational Lower Bound (VLB) objective is given by the sum of local KL divergences 

(between Gaussians) – main difference with score-based models

Diffusion Probabilistic Models (DDPM) [Sohl-Dickstein et al., 2015]
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Diffusion probabilistic models [Sohl-Dickstein et al., 2015]
• Here, the forward distribution 𝑞 𝑥,-* 𝑥, , 𝑥. can be expressed as a closed form
• Variational Lower Bound (VLB) objective is given by the sum of local KL divergences 

(between Gaussians) – main difference with score-based models

Diffusion Probabilistic Models (DDPM) [Sohl-Dickstein et al., 2015]
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Closed form 
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DDPM [Ho et al., 2020] proposes a simple objective & model of DPMs:
(1) Use fixed constants for 𝛽, instead of letting them as learnable parameters
(2) For Σ/, DDPM fix the variance Σ/ 𝑥, , 𝑡 = 𝜎,+𝑰, where 𝜎,+ = 𝛽, or L𝛽,
(3) For 𝜇/ , DDPM uses the following parameterization to let model predict the noise 𝜖:

Denoising Diffusion Probabilistic Models (DDPM) [Ho et al., 2020]
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Ignored due to (1)
(no learnable parameters)
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DDPM [Ho et al., 2020] proposes a simple objective & model of DPMs:
(1) Use fixed constants for 𝛽, instead of letting them as learnable parameters
(2) For Σ/, DDPM fix the variance Σ/ 𝑥, , 𝑡 = 𝜎,+𝑰, where 𝜎,+ = 𝛽, or L𝛽,
(3) For 𝜇/ , DDPM uses the following parameterization to let model predict the noise 𝜖:

Denoising Diffusion Probabilistic Models (DDPM) [Ho et al., 2020]
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Can be reduced to 
“simple” denoising objective
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DDPM [Ho et al., 2020] proposes a simple objective & model of DPMs:
(1) Use fixed constants for 𝛽, instead of letting them as learnable parameters
(2) For Σ/, DDPM fix the variance Σ/ 𝑥, , 𝑡 = 𝜎,+𝑰, where 𝜎,+ = 𝛽, or L𝛽,
(3) For 𝜇/ , DDPM uses the following parameterization to let model predict the noise 𝜖:

Denoising Diffusion Probabilistic Models (DDPM) [Ho et al., 2020]
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Unweighted version (simple)
also works well
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DDPM [Ho et al., 2020] proposes a simple objective & model of DPMs:
(1) Use fixed constants for 𝛽, instead of letting them as learnable parameters
(2) For Σ/, DDPM fix the variance Σ/ 𝑥, , 𝑡 = 𝜎,+𝑰, where 𝜎,+ = 𝛽, or L𝛽,
(3) For 𝜇/ , DDPM uses the following parameterization to let model predict the noise 𝜖:

Denoising Diffusion Probabilistic Models (DDPM) [Ho et al., 2020]
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Final “simple” training objective
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DDPM [Ho et al., 2020] provides connection between DPMs and score-matching:

• It resembles denoising score-matching over multiple noise scales

• Sampling also resembles Langevin dynamics with       (as the learned gradient) 

Denoising Diffusion Probabilistic Models (DDPM) [Ho et al., 2020]
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DDPM achieved the SOTA FID score (3.17) on CIFAR-10 generation

DDPM also generates high-resolution (256x256) images

Denoising Diffusion Probabilistic Models (DDPM) [Ho et al., 2020]

100



Algorithmic Intelligence Lab

Improved Denoising Diffusion Probabilistic Models [Nichol and Dhariwal, 2021]
• This paper improves upon DDPM by introducing additional techniques:

1. Learned variance instead of fixed variance

2. Hybrid objective of VLB and Simple objectives

3. Different diffusion (cosine) schedule
• Instead of linear schedule in DDPM
• In particular, used different scheduling of 

hyperparameters !𝛼"

Improved Denoising Diffusion Probabilistic Models [Nichol and Dhariwal, 2021]
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Learnable parameters

Σ/ can be learned through this loss
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Improved Denoising Diffusion Probabilistic Models [Nichol and Dhariwal, 2021]
• Results: Simple additional techniques in DDPM can improve performance of DDPM

Improved Denoising Diffusion Probabilistic Models [Nichol and Dhariwal, 2021]
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Overview: Score-based models and diffusion models

103

Score-matching
[Hyvärinen, 2005]

NCSN
[Song et al., 2019]

DPMs
[Sohi-Dickstein et al., 2015]

DDPM
[Ho et al., 2020]

SDE-formulation
[Song et al., 2021]

EDM
[Karras et al., 2022]

Diffusion models

Score-based models

Unifying views
(Some people call “generative diffusion process”)
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Score matching through SDE [Song et al., 2021] 

Like DDPM, we consider forward diffusion but now “continuous” version (SDE):

Then, the reverse diffusion process also follows some SDE:

Score matching through SDE [Song et al., 2021] 
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Then, the reverse diffusion process also follows some SDE:

One can sample the data (with reverse process) by learning the score function:

Note: under this formalization, NCSN/DDPM are discretization of different SDEs:

• NCSN:                                              →

• DDPM:                                                               →

Score matching through SDE [Song et al., 2021] 
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Then, the reverse diffusion process also follows some SDE:

One can sample the data (with reverse process) by learning the score function:

Note: under this formalization, NCSN/DDPM are discretization of different SDEs:

• NCSN:                                              →

• DDPM:                                                               →

Score matching through SDE [Song et al., 2021] 
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Continuous ver. of NCSN Continuous ver. of DDPM
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On CIFAR-10, the continuous version of DDPM/NCSN is SOTA for both: 
• Likelihood estimation
• Sample generation

Score matching through SDE [Song et al., 2021] 

107

Variants of different SDE solver (ignored in this lecture) 
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Recall: SDE-based formulation of score models

Motivation: There are “marginally equivalent” ODE (called probability flow ODE)

Contribution: Re-thinking practical design of diffusion models based on this ODE

EDM [Karras et al., 2022] 
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Although there are many new insights, we will cover only a few of them

Sampling: Conventional sampling can be viewed as “Euler’s method” on PF ODE
• In small NFE regime, the error becomes large (inaccurate solver with large step size)
• EDM: Uses “Heun’s 2nd order method” for sampling (accurate with smaller NFE)
• Euler (𝑂(ℎ#)) / Heun’s (𝑂(ℎ$)/2) (local error / NFE)

EDM [Karras et al., 2022] 
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Although there are many new insights, we will cover only a few of them

Sampling: Add “stochasticity” in diffusion sampling benefits the sampling
• With several observations, proposes a “very heuristic” design of the stochastic sampler
• It improves the sampling quality even with smaller NFE regime

EDM [Karras et al., 2022] 
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Although there are many new insights, we will cover only a few of them

Training: Add some of pre-conditioning in the denoising objective 
• Rather than a naïve noise-prediction, added some priors in the training objective

EDM [Karras et al., 2022] 
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Experiment: Achieved SOTA FIDs on ImageNet-64 (1.36)
• Moreover, validated each component on various datasets and showed (near-)SOTA results

EDM [Karras et al., 2022] 
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1. Generative Adversarial Networks (GANs)
• “Controllable” GANs on high-dimensional images
• Scaling GANs to complex large-scale dataset
• Recent techniques to mitigate overfitting 

2. Generative Diffusion Processes
• Formulations: Score-based models and diffusion models
• Efficient solvers and distillation
• Guidance techniques
• Diffusion model architecture 

3. Other Generative Models
• Scaling Variational autoencoders (VAEs)
• Autoregressive modeling
• Generative Transformers with masked modeling

4. Summary

Table of Contents
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Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]
• Generalizes DDPM with much faster sampling process

Main idea: Introduce non-Markovian forward process
• Re-formulation of the forward process of diffusion models (DDPM):

• It only depends on the marginal 𝑞 𝑥, 𝑥. ! 

Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]
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Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]
• Generalizes DDPM with much faster sampling process

Main idea: Introduce non-Markovian forward process
• One may think alternative inference distribution that has the same marginal

• Where 𝑞' is set to have same marginal as in DDPM (works with any 𝝈𝒕)

Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]
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Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]

Hence, generative process 𝑝2
3 (𝑥341|𝑥3) can be defined with 𝑞5(𝑥341|𝑥3, 𝑥6):

1. From 𝑥,, predict “denoised” observation 𝑥.
2. Obtain sample 𝑥,-* from 𝑞'(𝑥,-*|𝑥, , 𝑥.) using predicted 𝑥. and 𝑥,

How to predict 𝑥6 from 𝑥3?
• Marginal: 𝑞 𝑥, 𝑥. ≔ ∫ 𝑞 𝑥*:, 𝑥. 𝑑𝑥*: ,-* = 𝑁(𝑥,; 𝛼,𝑥., 1 − 𝛼, 𝑰)
• From this, we can obtain 𝑥, = 𝛼,𝑥. + 1 − 𝛼,𝜖,
• By introducing a model 𝜖/

, (𝑥,) that predicts 𝜖,, prediction of 𝑥. is given as:

𝑓2
3 𝑥3 ≔ (𝑥3 − 1 − 𝛼3 𝜖2

3 (𝑥3))/ 𝛼3

Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]

116



Algorithmic Intelligence Lab

Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]

One may also consider a deterministic process from 𝑥3 to 𝑥6 with 𝜎3 = 0
• i.e., Denoising Diffusion Implicit Model (DDIM)

Accelerated generation process
• Objective does not depend on the specific forward process if 𝑞'(𝑥,|𝑥.) is fixed
• Hence, we can consider “shorter” forward processes
• Consider a forward process over a subset 𝑥2! , … , 𝑥&

Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]
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Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]

Experiments: Accelerated sampling of DDIM still enables reasonable quality
• Number of sampling steps S
• Degree of stochasticity 𝝈
• Interpolation between DDPM (𝜂 = 1) and DDIM (𝜂 = 0)

Denoising Diffusion Implicit Models (DDIM) [Song et al., 2021]
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Deterministic generation process (DDIM) can generate good samples
with 10x~100x smaller sampling steps (=fast)
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Note: Euler method is “linear” solver of the given ODE
• Smaller DDIM NFE: Implies larger step size of the ODE solver (high error)

GENIE: Consider 2nd order ODE solver to reduce the error with smaller NFE 

GENIE [Dockhorn et al., 2022]
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Original DDIM Sampler 2nd order (curvature)



Algorithmic Intelligence Lab

Motivation: Alternative interpretation of DDIM sampling

Recall: Diffusion model can be interpreted as the marginally equivalent ODE:

• With                         and                                   :

Hence, DDIM = Euler’s method(ODE solver) on the following ODE above

GENIE [Dockhorn et al., 2022]

120



Algorithmic Intelligence Lab

Note: Euler method is “linear” solver of the given ODE
• Smaller DDIM NFE: Implies larger step size of the ODE solver (high error)

GENIE: Consider 2nd order ODE solver to reduce the error with smaller NFE 

However, the blue part requires the gradient of the score function
• Which is prohibitive as it leads to >2x computation for each single step

GENIE [Dockhorn et al., 2022]
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Original DDIM Sampler 2nd order (curvature)
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Solution: Gradient distillation build upon the pretrained diffusion models
• Namely, add a small prediction head to predict Jacobian vector products (JVPs)
• During sampling, use prediction head (+2% overhead) without computing gradients

GENIE [Dockhorn et al., 2022]
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Experiment: GENIE accurately samples the toy distribution with multiple nodes
• While DDIM (linear solver) fails under the same NFE

GENIE [Dockhorn et al., 2022]
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Experiment: GENIE shows good sampling (with efficiency) on image generation

GENIE [Dockhorn et al., 2022]
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FID on CIFAR-10 (unconditional)
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Experiment: GENIE shows good sampling (with efficiency) on image generation

GENIE [Dockhorn et al., 2022]
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DDIM GENIE
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There are several more concurrent works in this direction:
• [Zhang and Chen, 2022] applies advanced ODE solvers, e.g., Runge-Kutta

• [Lu et al., 2022] introduces a new schedulers for accelerating the sampling
• [Karras et al., 2022] proposes a new design/solver for diffusion model ODEs.

We omit the details in this lecture, but you can take a look if you are interested

GENIE [Dockhorn et al., 2022]
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[Zhang and Chen., 2022] Fast Sampling of Diffusion Models with Exponential Integrator
[Lu et al., 2022] DPM-Solver: A Fast ODE Solver for Diffusion Probabilistic Model Sampling in Around 10 Steps 
[Karras et al., 2022] Elucidating the Design Space of Diffusion-Based Generative Models
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Consistency models [Song et al., 2023]

Motivation: Score models still require multiple steps; 
• Unlike other generative models (e.g., GANs)

Summary: Pre-trained score-models can be “distilled” efficiently
• i.e.) They can be turned into single-step (or double-step) generative model

Consistency Models [Song et al., 2023]
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One-step generation
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Recall: Score-models can be re-interpreted as marginally equivalent ODE: 
• i.e.) probability flow (PF) ODE

Idea: Consider a “consistency” function for a given PF ODE trajectory
• We want                               with                                      if they are in the same ODE trajectory  

Consistency Models [Song et al., 2023]
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Sampling: If we have a ideal consistency function, sampling is easy (single-step)
• Optionally, one can consider multi-step sampling to improve the quality further  

Consistency Models [Song et al., 2023]
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Single-step: One forward operation from

Multi-step: Optional to improve the sample quality
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Training: Minimize the distance between a adjacency pair on the same trajectory
• Optionally, one can consider multi-step sampling to improve the quality further  

Consistency Models [Song et al., 2023]
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Pre-defined distance functions: L2, L1, or LPIPSEMA param.
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Training: Minimize the distance between a adjacency pair on the same trajectory
• Optionally, one can consider multi-step sampling to improve the quality further  

Consistency Models [Song et al., 2023]

131

Computed with (pre-defined) ODE solver
Example) Euler solver

Sampled from transition density
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Training: Minimize the distance between a adjacency pair on the same trajectory
• Optionally, one can consider multi-step sampling to improve the quality further  

Consistency Models [Song et al., 2023]
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1. Sampling “adjacent” pair on the same trajectory

2. Compute the distance

3. Optimization
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The paper shows consistency training can be done even without pre-trained model
• They show adjacency pair can be ”approximated” well without having pre-trained models

Consistency Models [Song et al., 2023]

133

Problematic part;
we don’t have the score function
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The paper shows consistency training can be done even without pre-trained model
• They show adjacency pair can be ”approximated” well without having pre-trained models

Consistency Models [Song et al., 2023]

134

Approximation with proofs
(omit the detail in this lecture)
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Experiment: Achieve reasonable results even with single-step forward operation 
• For distillation, it outperforms prior distillation/efficient sampling methods

Consistency Models [Song et al., 2023]
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Effi. Sampling via
better ODE solver

Distillation
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Experiment: Achieve reasonable results even with single-step forward operation 
• For from-scratch training, not state-of-the-arts but comparable results 

Consistency Models [Song et al., 2023]
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1. Generative Adversarial Networks (GANs)
• “Controllable” GANs on high-dimensional images
• Scaling GANs to complex large-scale dataset
• Recent techniques to mitigate overfitting 

2. Generative Diffusion Processes
• Formulations: Score-based models and diffusion models
• Efficient solvers and distillation
• Guidance techniques

3. Other Generative Models
• Scaling Variational autoencoders (VAEs)
• Autoregressive modeling
• Generative Transformers with masked modeling

4. Summary

Table of Contents
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Diffusion Models Beat GANs on Image Synthesis [Dhariwal and Nichol, 2021]
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Diffusion Models Beat GANs on Image Synthesis [Dhariwal and Nichol, 2021]

Motivation: Improve the image fidelity of diffusion model using class information
• Class-conditional GANs already used class information heavily [Brock et al., 2019]

Contribution: Proposed classifier guidance to use class-information extensively
• Truncation-like effect (in GANs): tradeoff exists between fidelity and diversity
• Strong class guidance - the fidelity of images improves but the diversity decreases.
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Diffusion Models Beat GANs on Image Synthesis [Dhariwal and Nichol, 2021]
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Diffusion Models Beat GANs on Image Synthesis [Dhariwal and Nichol, 2021]

Main idea of classifier guidance: 
• 1. Train a classifier 𝑝3(𝑦|𝑥, , 𝑡) on noisy images 𝑥,
• 2. Use gradients ∇4" log 𝑝3(𝑦|𝑥, , 𝑡) to guide the diffusion sampling process

Classifier-guidance:
• Recall: Score is derived from the noise prediction model 𝜖/ 𝑥, :

• Score for “conditional generation”:

• Hence, classifier-guidance uses the following modified score:
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Diffusion Models Beat GANs on Image Synthesis
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Diffusion Models Beat GANs on Image Synthesis [Dhariwal and Nichol, 2021]

Main idea of classifier guidance: 
• 1. Train a classifier 𝑝3(𝑦|𝑥, , 𝑡) on noisy images 𝑥,
• 2. Use gradients ∇4" log 𝑝3(𝑦|𝑥, , 𝑡) to guide the diffusion sampling process

Classifier-guidance:
• Recall: Score is derived from the noise prediction model 𝜖/ 𝑥, :

• Score for “conditional generation”:



Algorithmic Intelligence Lab

Diffusion Models Beat GANs on Image Synthesis
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Diffusion Models Beat GANs on Image Synthesis [Dhariwal and Nichol, 2021]
• Classifier guidance indeed improves the image quality (higher IS & precision)
• However, it also shows limited diversity (higer FID & recall)
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Diffusion Models Beat GANs on Image Synthesis
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Diffusion Models Beat GANs on Image Synthesis [Dhariwal and Nichol, 2021]
• Classifier-guidance enables to outperform state of the art generative models
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]

Motivation: Training classifier on noisy sample might be problematic
• Even more problematic with extreme setup (e.g., training CLIP on noisy samples)

Contribution: Introduce class-guidance without training/requiring any classifiers
• Used in most popular foundation diffusion models (e.g., Stable-diffusion)
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]

Motivation: Training classifier on noisy sample might be problematic
• Even more problematic with extreme setup (e.g., training CLIP on noisy samples)

Main idea: Train conditional/unconditional distribution as a single diffusion model
• Conditional model: 𝑝/(𝒛|𝒄) with score 𝜖/(𝒛5, 𝒄)
• Unconditional diffusion model: 𝑝/(𝒛) with score 𝜖/ 𝒛5 = 𝜖/(𝒛5, 𝒄 = 𝟎)
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]

Motivation: Training classifier on noisy sample might be problematic
• Even more problematic with extreme setup (e.g., training CLIP on noisy samples)

Main idea: Train conditional/unconditional distribution as a single diffusion model
• Sampling: Use refined score; (linear combination of conditional/unconditional score)
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]

Motivation: Training classifier on noisy sample might be problematic
• Even more problematic with extreme setup (e.g., training CLIP on noisy samples)

Main idea: Train conditional/unconditional distribution as a single diffusion model
• Sampling: Use refined score; (linear combination of conditional/unconditional score)

Why it works? It has a role of an generative classifier 𝑝/(𝒄|𝒛𝝀) ∝ 𝑝(𝒛𝝀|𝒄)/𝑝(𝒛𝝀).
• Note: gradient of the generative classifier (generative classifier): 
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]
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Classifier-Free Diffusion Guidance [Ho and Salimans, 2021]
• Guidance balances diversity vs. quality of the sample (even without classifiers) well
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GLIDE [Nichol et al., 2022]
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GLIDE: Zero-shot Text-to-image diffusion model with classifier-free guidance

• Some details (for text condition):
• Encode text into a sequence of 𝐾 tokens and feed it into Transformer model
• Use final token embedding as a class embedding.
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1. Generative Adversarial Networks (GANs)
• “Controllable” GANs on high-dimensional images
• Scaling GANs to complex large-scale dataset
• Recent techniques to mitigate overfitting 

2. Generative Diffusion Processes
• Formulations: Score-based models and diffusion models
• Efficient solvers and distillation
• Guidance techniques

3. Other Generative Models
• Scaling Variational autoencoders (VAEs)
• Autoregressive modeling
• Generative Transformers with masked modeling

4. Summary
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Consider the following generative model:

• Fixed prior on random latent variable           
• e.g., standard Normal distribution

• Parameterized likelihood (decoder) for generation:
• e.g., Normal distribution parameterized by neural network

• Resulting generative distribution (to optimize):

Variational Autoencoder (VAE)

150

“decoding”
distribution

latent variable data
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Variational autoencoder (VAE) introduce an auxiliary distribution (encoder) 
[Kingma et al., 2013]

Each                   term is replaced by its lower bound: 

Bound becomes equality when

Variational Autoencoder (VAE)
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“encoding”
distribution

representation
data
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The training objective becomes:

where latent variables are sampled by                                       

However, non-trivial to train with back propagation due to sampling procedure:

Variational Autoencoder (VAE)

152

Since              is fixed after being sampled,                      ?

tractable between two Gaussian distributions
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Reparameterization trick is based on the change-of-variables formula:

Latent variable            can be similarly parameterized by encoder network:

Variational Autoencoder (VAE)
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scaling shifting
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Although VAE has many advantages (e.g., fast sampling, full mode covering,
latent embedding), there are issues that lead to poor generation quality

• Posterior collapse (latents are ignored when paired with powerful decoder)
• Careful optimization: various techniques for continuous latent-space VAEs
• Use discrete latent space: Vector-quantized VAE (VQ-VAE, VQ-GAN)

• Improve model expressivity
• Use expressive prior distribution: Gaussian mixtures, normalizing flow
• Use hierarchical architectures: Hierarchical VAE, Diffusion Models

Improving VAEs
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VQ-VAE [Oord et al., 2017]
• Each data is embedded into combination of ‘discrete’ latent vectors:
• i.e.) each encoder output is quantized to the nearest vector among     codebook 

vectors 

• Restriction of latent space achieves high generation quality including:
• Images, videos, audios, etc.

Vector-quantized VAE (VQ-VAE)

155

Codebook
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VQ-VAE [Oord et al., 2017] 
• The objective of VQ-VAE composed of three terms:

• Reconstruction loss (1)
• VQ loss (2): 

• Optimization of codebook vectors 
• Commitment loss (3): 

• Regularization to get encoder outputs and codebook close

VQ-VAE like methods (i.e. discrete prior) recently shows remarkable success on:
• DALL-E (text-image generative model) – image is encoded via VQ-VAE
• Many audio self-supervised learning method

Vector-quantized VAE (VQ-VAE)
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(1) (2) (3)
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VQ-VAE-2 [Razavi et al., 2019b]
• Different from VQ-VAE, vector quantization occurs twice (top, bottom level)
• For both consideration of local/global features for high-fidelity image 

Vector-quantized VAE + Hierarchical Architecture (VQ-VAE-2)
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For local features

For global features
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VQ-VAE-2 [Razavi et al., 2019b]
• After VQ-VAE-2 training, train two pixelCNN priors for new image generation
• They autoregressively fill out each quantized latent vector space

• Generated images are comparable to state-of-the-art GAN model (e.g. BigGAN)

Vector-quantized VAE + Hierarchical Architecture (VQ-VAE-2)
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Via learned PixelCNN priors

Via learned PixelCNN priors
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Although VAE has many advantages (e.g., fast sampling, full mode covering,
latent embedding), there are issues that lead to poor generation quality

• Posterior collapse (latents are ignored when paired with powerful decoder)
• Careful optimization: various techniques for continuous latent-space VAEs
• Use discrete latent space: Vector-quantized VAE (VQ-VAE, VQ-GAN)

• Improve model expressivity
• Use expressive prior distribution: Gaussian mixtures, normalizing flow
• Use hierarchical architectures: Hierarchical VAE, Diffusion Models

Improving VAEs
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NVAE [Vahdat et al., 2020]
• Hierarchical VAEs use the factorized latent space 𝑝/ 𝑧 = ∏6 𝑝/(𝑧6|𝑧76)
• Here, the ELBO objective is given by

However, prior attempts on hierarchical VAE were not so successful due to:
1. Long-range correlation: upper latents often forget the data information

2. Unstable (unbounded) KL term: even more severe for hierarchical VAEs since they 
jointly learn the prior distribution 𝑝/(𝑧)

Nouveau VAE (NVAE)
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Forgets 𝑥
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NVAE [Vahdat et al., 2020]

Idea 1. Bidirectional encoder (originally from [Kingma et al., 2016])
• Enforce upper latents (e.g., 𝑧8) to predict the lower latents (e.g., 𝑧*)
→ Improve the long-range correlation issue

• Training: posterior 𝑞3(𝑧|𝑥) is inferred by both encoder and decoder
(aggregate them) and prior 𝑝/(𝑧) is jointly inferred by decoder
• Recall that the KL term is a function of 𝑞%(𝑧|𝑥) and 𝑝&(𝑧)

• Inference: Sample prior 𝑝/(𝑧) from decoder and generate sample 𝑥

Nouveau VAE (NVAE)
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NVAE [Vahdat et al., 2020]

Idea 2. Taming the unstable KL term

1. Residual normal distribution
• For each factorized prior distribution

define approximate posterior as (instead of directly predict 𝜇(, 𝜎()

• Then, the KL term of ELBO is given by

2. Spectral regularization
• Enforce Lipschitz smoothness of encoder to bound KL divergence
• Regularize the largest singular value of convolutional layers (estimated by power iteratio

n [Yoshida & Miyato, 2017])

Nouveau VAE (NVAE)
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NVAE [Vahdat et al., 2020]

Experiments:
• Generate high-resolution (256x256) images

• SOTA test negative log-likelihood (NLL) on non-autoregressive models

Nouveau VAE (NVAE)
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VD-VAE [Child, 2021]
• Autoregressive models have outperformed VAEs (will be covered later)
• Main idea: However, very deep VAEs generalize autoregressive models

Very Deep VAE (VD-VAE)

164

Observation 1: Hierarchical VAEs with N layers 
(N = dimension of data D) generalizes 
autoregressive models
• e.g.) learns deterministic identity function

Observation 2: VAEs with fewer layers (N < D) can 
still model data by learning efficient hierarchies of 
latent variables
• e.g.) learns conditional independence
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VD-VAE [Child, 2021]

Empirically, deep VAEs often suffer from unstable training
• Recap: NVAE requires complex techniques to stabilize KL

Q: How to make VAE deeper?

Idea 1: Top-down architecture with bottleneck residual blocks

Very Deep VAE (VD-VAE)
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VD-VAE [Child, 2021]

Empirically, deep VAEs often suffer from unstable training
• Recap: NVAE requires complex techniques to stabilize KL

Q: How to make VAE deeper?

Idea 2: Additional simple techniques
• Transposed CNNs => Nearest-neighbor upsampling
• Scale down weight initialization of final layer in residual block
• Gradient skipping: skip updates when gradient norm is above threshold

Very Deep VAE (VD-VAE)
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VD-VAE [Child, 2021]

Experiment: Very deep VAEs (>50 layers) can outperform autoregressive models 
with fewer parameters while maintaining fast sampling

Very Deep VAE (VD-VAE)
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1. Generative Adversarial Networks (GANs)
• Towards better, scalable GANs
• Recent techniques to mitigate overfitting 

2. Generative Diffusion Processes
• Formulations: Score-based models and diffusion models
• Efficient solvers and distillation
• Guidance techniques

3. Other Generative Models
• Scaling Variational autoencoders (VAEs)
• Autoregressive modeling
• Generative Transformers with masked modeling

4. Summary
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ImageGPT

169

Generative Pretraining from Pixels [Chen et al., 2020]
• Apply GPT [Brown et al., 2020] to image domain by flattening image to 1D.
• Train autoregressive transformer which predicts the pixels without knowledge of 

2D input structure.

where
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ImageGPT
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Generative Pretraining from Pixels [Chen et al., 2020]
• It even outperforms supervised representation with ImageNet in transfer learning.

• It also shows inpainting ability

Linear probing Full finetuning
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Scaling Autoregressive Video Models (Video Transformer)
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Scaling Autoregressive Video Models [Weissenborn et al., 2020]
• Apply GPT to video domain by flattening video to 1D.
• However, using all pixels from a video is computationally infeasible

• e.g.) 32x32 video of length 16 has 16 * 32 * 32 * 3 = 49,152 pixels
• Much longer than the input length of GPT3 (=2048), ImageGPT (=3072)

Main idea: Reduce the complexity of autoregressive video generation by
• 1) Designing an efficient self-attention layer for videos
• 2) Operating on sub-sampled videos instead of pixels
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Scaling Autoregressive Video Models (Video Transformer)
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Scaling Autoregressive Video Models [Weissenborn et al., 2020]
• Apply GPT to video domain by flattening video to 1D.
• However, using all pixels from a video is computationally infeasible

Idea 1: Video Transformer with multiple stacked block-local self-attention
• Reduces the computation cost of self-attention over videos, by

1. Decompose a video of (𝑇, 𝐻,𝑊) into 𝑛9 = 𝑡 ⋅ ℎ ⋅ 𝑤 blocks of (𝑡, ℎ, 𝑤)
2. Separately apply self attentions over 𝑛9 blocks

• Attention complexity 𝑇 ⋅ 𝐻 ⋅ 𝑊 + ⇒ 𝑛9 ⋅ 𝑡 ⋅ ℎ ⋅ 𝑤 +

3. Concatenate the outputs and process through a fully connected layer

• For the connectivity between all pixels, use different block sizes at every layer
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Scaling Autoregressive Video Models (Video Transformer)
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Scaling Autoregressive Video Models [Weissenborn et al., 2020]
• Apply GPT to video domain by flattening video to 1D.
• However, using all pixels from a video is computationally infeasible

Idea 2: Divide the video into non-overlapping 3D blocks
• Further reduces the complexity by decomposing the video itself
• Introduce a subscale factor 𝒔 = 𝑠, , 𝑠: , 𝑠; that divides a video into
𝑠 = (𝑠, ⋅ 𝑠: ⋅ 𝑠;) sub-sampled videos (slices)
• Then, each slice is processed through the block-local self-attention layers

• And sequentially generate 𝑥 .,.,. , 𝑥(.,.,*), …
• e.g.) If we use 𝒔 = 4, 2, 2 , each slice consists of 4 * 16 * 16 * 3 = 3072 pixels

• Attention complexity: 49152# =>  3072# (256 times lower)
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VideoGPT
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VideoGPT [Yan et al., 2021] 
• Other approach for autoregressive video generation
• Learns downsampled discrete representations over space-time 

Main idea of VideoGPT
1. Train a VQ-VAE with 3D CNNs on the video data to learn discrete latent 

representations downsampled over space-time 
2. Train autoregressive transformer (Image-GPT architecture) in the latent space for 

learning a prior
3. Decode the predicted discrete latents using the VQ-VAE decoder
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1. Generative Adversarial Networks (GANs)
• Towards better, scalable GANs
• Recent techniques to mitigate overfitting 

2. Generative Diffusion Processes
• Formulations: Score-based models and diffusion models
• Efficient solvers and distillation
• Guidance techniques

3. Other Generative Models
• Scaling Variational autoencoders (VAEs)
• Autoregressive modeling
• Generative Transformers with masked modeling

4. Summary
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MaskGIT: Masked Generative Image Transformer 
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MaskGIT [Chang et al., 2022] 
• Non-autoregressive generative modeling based on VQ-VAE + Transformer 
• Enables parallel decoding and thus much faster sampling
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MaskGIT: Masked Generative Image Transformer 
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MaskGIT [Chang et al., 2022] 
• Stage 1. Tokenization of images to discrete visual tokens
• Stage 2. Masked modeling via bidirectional Transformer 

For sampling, MaskGiT starts from a blank canvas withall the tokens masked out
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MaskGIT: Masked Generative Image Transformer 
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Experiment: It achieves state-of-the-art results with faster inference time
• In particular, on classifier accuracy score (CAS) score
• Compared with autoregressive modeling (e.g., VQGAN), much faster (=8 step)
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MaskGIT: Masked Generative Image Transformer 
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Experiment: It achieves state-of-the-art results with faster inference time
• In particular, on classifier accuracy score (CAS) score
• Compared with autoregressive modeling (e.g., VQGAN), much faster (=8 step)
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MaskGIT: Masked Generative Image Transformer 
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MaskGIT [Chang et al., 2022] 
• Non-autoregressive generative modeling based on VQ-VAE + Transformer 
• Enables parallel decoding and thus much faster sampling



Algorithmic Intelligence Lab

Muse & MAGVIT: Masked Generative Transformers in Other domains

181

Muse: Scaling up MaskGiT for text-to-image generation task
• To scale-up the generation to high-resolution images, use hierarchical architecture
• Hence, it generates resolution beyond 256x256
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Muse & MAGVIT: Masked Generative Transformers in Other domains
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Muse: Scaling up MaskGiT for text-to-image generation task
• To scale-up the generation to high-resolution images, use hierarchical architecture
• Hence, it generates resolution beyond 256x256
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Muse & MAGVIT: Masked Generative Transformers in Other domains
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Muse: Scaling up MaskGiT for text-to-image generation task
• In particular, on classifier accuracy score (CAS) score
• Compared with autoregressive modeling (e.g., VQGAN), much faster (=8 step)
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Muse & MAGVIT: Masked Generative Transformers in Other domains
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Muse: Scaling up MaskGiT for text-to-image generation task
• In particular, on classifier accuracy score (CAS) score
• Compared with autoregressive modeling (e.g., VQGAN), much faster (=8 step)
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Muse & MAGVIT: Masked Generative Transformers in Other domains
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MAGVIT: MaskGiT for video generation 
• Demonstrates diverse applications as well as generation, e.g., prediction
• All applications can be achieved with a single model  

Main idea: Considers diverse masking suitable for each task during training
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Muse & MAGVIT: Masked Generative Transformers in Other domains
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MAGVIT: MaskGiT for video generation 
• Demonstrates diverse applications as well as generation, e.g., prediction
• All applications can be achieved with a single model  
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Muse & MAGVIT: Masked Generative Transformers in Other domains
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MAGVIT: MaskGiT for video generation 
• Demonstrates diverse applications as well as generation, e.g., prediction 
• All applications can be achieved with a single model  

Panorama generation

Video prediction Video interpolation
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1. Generative Adversarial Networks (GANs)
• Towards better, scalable GANs
• Recent techniques to mitigate overfitting 

2. Generative Diffusion Processes
• Formulations: Score-based models and diffusion models
• Efficient solvers and distillation
• Guidance techniques

3. Other Generative Models
• Scaling Variational autoencoders (VAEs)
• Autoregressive modeling
• Generative Transformers with masked modeling

4. Summary
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• We discussed 3 different categories of generative models
1. GANs: Implicit generative modeling
2. Generative diffusion process: Related to score-matching or diffusion process
3. Others: VAEs, autoregressive models, and masked modeling

• Each of them has its own drawback, but they have been remarkably mitigated:
• GANs: Recently showed strong scalability 
• Generative diffusion process:  Faster synthesis with efficient solver and distillation

• Currently, generative diffusion process is the dominant generative model due to:
• Open-sourced foundation models: Such as Stable-diffusion models
• Strong generalization power: Much less suffer from mode collapse problem
• But still, other generative models can be a game changer in the future!

Summary
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