(GENERATIVE MODELS AS A DATA SOURCE
FOR MULTIVIEW REPRESENTATION LEARNING

Ali Jahanian, Xavier Puig, Yonglong Tian, Phillip Isola
ICLR 2022




Model Zoo

&\,\ /7 /&,

\  GLIDE \\ S ./ GPT-3
' Pretrained ¢ ¥ Pretrained
' 29 c o ,, ) ‘//-

SterGAN

\\\‘-
DALL-E
| retralned \
m retrained "

R
%RL
a

——
. PR —
—\_ e T

. . , '

HY,
NAME " n
LucK

-

i y 00‘

I ‘ )

vy
K
e |8

‘#‘
DA




Model Zoos

The Era of Big Data —> The Era of Big Models?

¢ > C @& openai.com/blog/dall-e/ M

O justinpinkney/awesome-pretra X

& > C O @ github.com/justinpinkney/awesome-pretrained-stylegan
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Edit prompt or view more images+v

Awesome Pretrained StyleGAN

A collection of pre-trained StyleGAN models trained on different - 0 Oendlan % °
datasets at different resolution. ~ = C { @& beta.openai.com pxe

For the equivalent collection for StyleGAN 2, see this repo D emo _
X

& —> (C @& huggingface.co/models

[ ¥ Models - Hugging Face

One simple integration gives you access to our
constantly-improving AT technology. Explore how you

integrate with the API with these sample TEXT PROMPT

completions. a store front that has the word ‘openai’ written onit. . .. Hugglng Face Q. Search models, datasets, users...

AI-GENERATED IMAGES

Text generation

—

Tasks
HEpoh: openas new application, or help us explore
C C y
prompt = """We’'re releasing an API FillMask 59  Question Answering ™  Summarization
for accessing new AI models the strengths and limits of this
developed by OpenAI. Unlike most AI & , s 3
systems which are designed for one technology. The road to making Edit prompt or view more images+ 2  Table Question Answering Text Classification
use-case, the API today provides a = :
general-purpose “text in, text out” . . "
interface, allowing users to try it AI safe and useful is long and [ Text Generation & Text2Text Generation
on virtually any English language
task. You can now request access in challenainag, but with the support : i y " ;
order to integrate the API into ging, PP TEXT & IMAGE PROMPT 5%  Token Classification “5r  Translation
your product, develop an entirely :
new-applicatien, or help us sxplore of the developer community we the exact same cat on the top as a sketch on the bottom L e L
the strengths and limits of this Zero-Shot Classification :z  Sentence Similarity +14
technology.""" expect to get there much faster
AI-GENERATED IMAGES
If you have a publically accessible model which you know of, or would See cached responise than working alone. e — —

like to share please see the contributing section. Hint: the simplest way
to submit a model is to fill in this form.

See the sample response JSON
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These models are
steerable

By steering In the latent
space of IGMs (Implicit
Generative Models) the data
all of the sudden become
alive!

e Pt

Latent Space

[On the “steerability” of GANs: Jahanian*, Chai*, Isola, ICLR 2020]



Data is static, an IGM is not!

Generative Model




|IGM as a compressed and organized copy of data

Datasets become increasingly unwieldy, missing, or private?



Steerability meets contrastive learning

Real Dataset

[SIMCLR, Chen et al. 2020]



Examples of different transformation methods

(a) AllCllOl‘ (b) Gaussiall Vievvs (C) Steered Vie\VS (d) Sl]llCLR Vie\'VS (e) GauSSiall = SllllCLR VieVVS (f) Steel‘ -+ Sil]lCLR Vie\VS

Unconditional IGM data

(a) Anchor (¢) Steered Views (d) Independent Latent Views (e) SupCon Views (f) Gaussian + SupCon Views

b

Conditional IGM data
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Contrastive learning + Generative modeling

Top-1 Accuracy on

Contrastive learning from real data (SimCLR, etc) imageNet1000 linear transfer
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Contrastive learning from generated data
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Generator

Encoder
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What if we keep generating data?

Imagenet100 Accuracy of Unconditional IGM Data
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Figure 6: Effect of the number of samples for
training the representation learner, evaluated us-
ing linear transfer to ImageNet100. “Gaussian”
refers to the Gaussian views (1, = z + Wgauss).

The performance increases with more samples both in the class-conditional and
unconditional IGMs, but sub-logarithmically.
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Are all types of IGMs the same?
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Contrastive learning + Generative modeling

Contrastive learning from real data (SimCLR, etc)

<’
Given: (M

b

Data space _ Representation space

39.7%

Dataset
Llearn: F

Contrastive learning from generated data
Latent space Data space _ ~ Representation space
Given:
’ )

Generator

_— L] _— L —_ L] —_— L —_— - —_— .

Encoder

Only —’ 40.9%
+ [Ld— 49.9%

Generator

Learn: F'

Encoder
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Conclusion

Contrastive learning algorithms meet steerability

> Learn “views” of the data in the model’s latent space, followed by those in the image space

Simple Gaussian transformations worked best among the methods

Generative models can produce endless* samples

> With enough samples, we achieve performance that rivals learning directly from real data

Learning representations from generative models can outperform real data if
the generative model is of sufficiently quality, e.g. StyleGAN Car
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-INd more on the project website!

https://ali-design.qgithub.io/GenRep/

| 7

SEA LRSS THd
N ) |

Ali Jahanian Xavier Puig Yonglong Tian Phillip Isola


https://ali-design.github.io/gan_steerability/

