(Generative models as data visualization
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Work with Lore Goetschalckx, Alex Andonian, Ali Jahanian, Lucy Chai, Aude Oliva
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(Generative models as data visualization

Data samples

Q dataset, Karras et al. 2018]

Data space

Model interpolations

[StyleGAN, Karras et al. 2018]



Deep generative models are distribution transformers

(Gaussian noise Synthesized
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L atent space Data space
(Gaussian) (Natural image manifold)

X

Z

[BIgGAN, Brock et al. 2018]




[https://cs.stanford.edu/people/karpathy/cnnembed/]
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GANS let us explore the manifold of natural images
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 \What does it look like to make an image
more white?




GANS let us explore the manifold of natural images

 \What does it look like to make an image
more memorable?

?

Lore Goetschalckx Alex Andonian

“GANalyze: Toward Visual Definitions of Cognitive Image Properties”



Forgettable Memorable

Isola et al. 2011, Khosla et al. 2015]



Nonparametric visualization

Forgettable Memorable
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Memorabillity increases left-to-right, then top-to-bottom



NN EW low memorability
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What does it ook like to make an image more memorable’



/00m



Circularity



Simplicity



Expressive face (“cuteness”?)



Factor

Object size

Brightness

Centeredness

Object shape

Colorfulness




What does it ook like to make an image more aesthetic?

[.ess aesthetic More aesthetic —>




Intsagram popularity

<— Unpopular Popular —

Emotional valence

<« Negative Positive —
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“Visual definitions”

e Visually map out the full extent and continuum of a concept

+ Visualize abstract concepts (memorability, beauty, emotional valence, etc)

+ Scientific understanding

+ Graphics applications

[c.f. “Activation Atlases”, Carter et al. 2019]



[http://memgame.csail. mit.edu/explorer/browse_examples.html]



‘On the ‘steerabllity’ of Generative Adversarial Networks”
[Jahanian®, Chai*, Isola, arXiv 2019]

Let’s take a step back and look at basic color and camera transformations

How close is a GAN to a classic graphics
engine” Lucy Chai Ali Jahanian
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—xamples from https://www.tensorflow.org/tutorials/representation/word2vec



https://www.tensorflow.org/tutorials/representation/word2vec

/0oom in vector Shift vector




Color transformation vectors

Winter to spring Turning on the lights Day to night Volcano!

input output Input output iInput output iInput output

There Is a latent space “vector” for each of these transformations —
the “spring vector”, the “volcano exploding vector”
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IS this due to bias in the dataset or the model?

“Why do deep convolutional networks generalize so poorly to
small image transformations®?”
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Are the transformations shifting the data distribution?
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Yes, the transformations extrapolate! i.e. shift the data distribution



[https://ganbreeder.app/]
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— Generative models let us explore the data distribution as a continuum,
interpolating between datapoints and even extrapolating beyond them

— Disentangled factors emerge, and we can learn to navigate the latent space to
observe interesting transformations



T hanks!

Lore Goetschalckx Alex Andonian Aude Oliva Lucy Chali Ali Jahanian



