
Generative AI for Images
COMP 646: Deep Learning for Vision and Language



Last Class

• Image Segmentation
• Idea 1: Converting Linear layers to Conv layers

• Idea 2: ConvTranspose2d

• Idea 3: Dilated Convolutions



Idea 1: Convolutionalization

https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf

However resolution of the segmentation map is low.
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Idea 2: Up-sampling Convolutions or ”Deconvolutions” or 
Transposed Convolutions

https://github.com/vdumoulin/conv_arithmetic
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Pytorch



Idea 3: Dilated Convolutions

ICLR 2016



https://arxiv.org/abs/1505.04597

https://github.com/milesial/Pytorch-UNet

https://github.com/usuyama/pytorch-unet



UNet in Pytorch

https://github.com/milesial/Pytorch-UNet/blob/master/unet/unet_model.py
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Bilinear Upsampling Layer

https://machinethink.net/blog/coreml-upsampling/



UNet in Pytorch
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Chair segmentation - Training



Chair segmentation - Prediction



Training Neural Networks

bus
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What we might get naively

bus
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Generative Adversial Networks 
(GANs)
Generator and Discriminator Networks trained adversarially.



https://deeplearning4j.org/generative-adversarial-network

Generative Adversarial Networks (GAN) 
[Goodfellow et al 2014]



Radford et. al. Unsupervised Representation 

Learning with Deep Convolutional Generative 

Adversarial Networks. ICLR 2016

Generative Network (closer look)



Idea 2: Up-sampling Convolutions or ”Deconvolutions” or 
Transposed Convolutions

https://github.com/vdumoulin/conv_arithmetic
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https://deeplearning4j.org/generative-adversarial-network

Generative Adversarial Networks (GAN) 
[Goodfellow et al.]
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Generative Adversarial Networks (GAN) 
[Goodfellow et al.]



Goodfellow et al. NeurIPS 2014



Goodfellow et al. NeurIPS 2014

Update 
Discriminator 

D



Goodfellow et al. NeurIPS 2014

Update 
Generator 

G



Goodfellow et al. NeurIPS 2014

Until 
Desirable 

Results are 
Achieved?
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Generative Adversarial Networks (GAN) 
[Goodfellow et al.]
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Generative Adversarial Networks (GAN) 
[Goodfellow et al.]



https://deeplearning4j.org/generative-adversarial-network

Generative Adversarial Networks (GAN) 
[Goodfellow et al.]

https://shorturl.at/pz6tk

https://shorturl.at/pz6tk


NVidia’s progressive GANs ICLR 2018



Google’s BigGAN



Google’s BigGAN
Teddy Bear Microphone

http://aiweirdness.com/post/179626595787/the-creepiest-images-generated-by-biggan



Conditional GANs / Text-conditioned

Reed et al ICML 2016



Conditional GANs / Text-conditioned



Variational AutoEncoders (VAEs)
Training a network with the identity function



AutoEncoder Models (Downsample, Upsample)

37

z



Let’s assume z-vector is 2D so we can plot it



Let’s assume z-vector is 2D so we can plot it

What about this?
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Variational AutoEncoders (VAE)

41
https://ai.stackexchange.com/questions/30176/are-mean-and-standard-deviation-in-variational-autoencoders-unique

https://pytorch.org/docs/stable/generated/torch.normal.html



Reparameterization “trick”

42
https://ai.stackexchange.com/questions/30176/are-mean-and-standard-deviation-in-variational-autoencoders-unique

https://pytorch.org/docs/stable/generated/torch.normal.html



Let’s assume z-vector is 2D so we can plot it



KL-Divergence Regularization Loss

44
https://ai.stackexchange.com/questions/30176/are-mean-and-standard-deviation-in-variational-autoencoders-unique

https://pytorch.org/docs/stable/generated/torch.normal.html



Kullback-Leibler Divergence

45



For Gaussian Distributions KL Divergence even simpler

46

https://github.com/AntixK/PyTorch-VAE/blob/master/models/cvae.py



Let’s assume z-vector is 2D so we can plot it
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Let’s assume z-vector is 2D so we can plot it



50
https://brown-deep-learning.github.io/dl-website-s23/slides/lecture27.pdf

Slide from Ritambara Singh’s Deep Learning class at Brown



Let’s assume z-vector is 2D so we can plot it
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Let’s assume z-vector is 2D so we can plot it
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Reparameterization “trick”

54
https://ai.stackexchange.com/questions/30176/are-mean-and-standard-deviation-in-variational-autoencoders-unique

https://pytorch.org/docs/stable/generated/torch.normal.html
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