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Transter Learning |l

e Transferring knowledge about the inputs
e (Generative models as data++

e Meta-learning
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“This release is the culmination of many hours of collective eftfort to create a single file that
compresses the visual information of humanity into a few gigabytes.”

Emad Mostaque [https://stability.ai/blog/stable-diffusion-public-release]
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https://stability.ai/blog/stable-diffusion-public-release

Data++: making data a first class object

X={z,2 G G}

Interpolation: oXq 4+ (1 — o)Xy — Xs
M . ‘ . < 5 [Goetschalckx*, Andonian*, Oliva, Isola, ICCV 2019]
anlpu ation: 1 W = &2 [Jahanian*, Chai*, Isola, ICLR 2020]
COmpOSitiOn: Xl [m] —+ Xg[l — m] —> Xg [Chai, Wulff, Isola, ICLR 2021]
Optimization: arg min f(X) [Lin, Florence, Barron, et al. , IROS 2021]
X

— QGraphics, visualization, data aug, counterfactual reasoning, ...
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Generative Models

Latent variables Synthesized Image
(controls)

—'_---.‘

Cat photo from "StyleGAN2 — Official TensorFlow Implementation - Analyzing and Improving the Image Quality
of StyleGAN", by Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten, Jaakko Lehtinen, Timo Aila
Z AU N ( O 1 (https://github.com/NVlabs/stylegan2). Made available under the Nvidia Source Code License-NC
)

(https://nvlabs.github.io/stylegan2/license.html).



https://github.com/NVlabs/stylegan2
https://nvlabs.github.io/stylegan2/license.html

Generative Models

Latent variables Synthesized Image
(controls)

------
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z ~ N (0, 1)

© Brock et al. All rights reserved. This content is excluded from our Creative Commons license. For more information7see
https://ocw.mit.edu/help/fag-fair-use/




Synthesized Images

L atent variables

(controls) ;
<-0-090-0-0->1U > E
€ e > U
(44 o o o b b
© Brock et al. All rights reserved. This content is excluded from our Creative Commons license. For more information_ see B lrd Orlent atlon

https://ocw.mit.edu/help/fag-fair-use/ S




Synthesized Images

L atent variables
(controls)
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Data++ supports counterfactual reasoning
"What would it look like if..."

DataZData++

Cat photo from "StyleGAN2 — Official TensorFlow Implementation - Analyzing and Improving the Image Quality
of StyleGAN", by Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten, Jaakko Lehtinen, Timo Aila
(https://github.com/NVlabs/stylegan2). Made available under the Nvidia Source Code License-NC
(https://nvlabs.github.io/stylegan2/license.html).
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https://github.com/NVlabs/stylegan2
https://nvlabs.github.io/stylegan2/license.html

Data++ supports countertactual reasoning
"What would it look like if..."

Cat photo from "StyleGAN2 — Official TensorFlow Implementation - Analyzing and Improving the Image Quality
of StyleGAN", by Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten, Jaakko Lehtinen, Timo Aila
(https://github.com/NVlabs/stylegan2). Made available under the Nvidia Source Code License-NC
(https://nvlabs.github.io/stylegan2/license.html).
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https://github.com/NVlabs/stylegan2
https://nvlabs.github.io/stylegan2/license.html

Ensembling with Deep Generative Views

Chai, Zhu, Shechtman, Isola, Zhang
CVPR 2021

Improved

accuracy and
robustness

license. For more information, see https://ocw.mit.edu/help/faq-fair-use/

A &

Input Image GAN Generated Variations
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word2vec, Mikolov et al., 2013]
DCGAN, Radford, Metz, Chintala, 2015]
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© source unknown. All rights reserved. 1I%is content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/




Color transformation vectors

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

input output | | output iInput output

There Is a latent space “vector” for each of these transformations —
the “spring vector”, the “volcano exploding vector”

© source unknown. All rights reserved.114115 content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/




Traditional GAN

Latent z €

v

Z

Normalize

Y

Fully-connected
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Y

Upsample

Conv 3x3

PixelNorm

© Karras et al. All rights reserved. This content is excluded from our Creative Commons license. For more

information, see https://ocw.mit.edu/help/faqg-fair-use/
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Interpolation Data space
in data space (Natural image manitold)

X

© Brock et al. All rights<eserved. This content is excluded from our Creative Commons license. For more information, see
https://ocw.mit.edu/help/faqg-fair-use/
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Interpolation Latent space Data space
in latent space (Gaussian) (Natural image manifold)

X

Z

© Brock et al. All rights reserved. This content is excluded from ou ative Commons license. For more information, see

https://ocw.mit.edu/help/faqg-fair-use/

[BigGAN, Brock et al. 2018]
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(b) Mapping from (c) Mapping from (a) Distribution of
Z to features WV to features features in training set

© Karras et al. All rights reserved. This content is excluded from our Creative Commons license. For more

information, see https://ocw.mit.edu/help/faq-fair-use/ [ " Styl e G A N o , Ka rra S ; I_a | N e , Al | a , 201 8]
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Different ways to navigate latent space

wheel angle

e -

15 227: +

© Wu et al. All rights reserved. This content is excluded from our Creative Commons license. For more [ I Sty | e S p ace I I Wu ) |_| SC h | NS kl , S h ec h -t man I 2020]
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L abeling Data++




L abeling Data++




L abeling Data++




DatasetGAN

[Zhang*, Ling*, Gao, Yin, Lafleche, Barriuso, Torralba, Fidler 2021]

(1 Train DatasetGAN | o 3 Sample from the DatasetGAN a large synthetic dataset 4 Train on synthetic and test on Real Images
Label- '
Loterl\t zeZ branch
)j

Mapping Stylchn

Nelw°"‘ Generator
G mage- (0

branch RNl

WY ,Mgzg:atdoomdndow f \\\‘g .

Car body — ! | - Back door window &>
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Car hght left -
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Logo - _ sl

| "= Running board
| ‘Front handie

\ Fender ' : “Front coor
| “Licenseplate | \  Front wheel
L Grille . - Spoke
" Bumper “Wheeihub
\2 Manual annotation of few generated images »

see also [Tritrong*, Rewatbowornwong*, Suwajanakorn, CVPR 2021
© Zhang et al. All rights reserved. This content is excluded from our Creative Commons license. For [I_|’ Ya N gl Kr|e SI TO 'ra | ba, Fld | er, CV P ? 202’

more information, see https://ocw.mit.edu/help/fag-fair-use/
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Mirror
00t Front door window
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1 labeled GAN image is worth
~100 labeled regular images!

© Zhang et al. All rights reserved. This content is excluded from our Creative Commons license. For
more information, see https://ocw.mit.edu/help/faq-fair-use/
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1 manual label 5 manual labels 10 manual labels

[Tritrong*, Rewatbowornwong*, Suwajanakorn, CVPR 2021]

© Tritrong et al. All rights reserved. This content is excluded from our Creative Commons license.
For more information, see https://ocw.mit.edu/help/faq-fair-use/
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[Li, Yang, Kries, Torralba, Fidler, CVPR 2021]

Courtesy of Li et al. Used under CC BY.
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Explaining in Style: Training a GAN to Explain a Classitier

Oran Lang*, Yossi Gandelsman*, Michal Yarom*, Yoav Wald*, Gal Elidan, Avinatan Hassidim,

William T. Freeman, Phillip Isola, Amir Globerson, Michal Irani, Inbar Mosseri
ICCV 2021

© Lang et al. All rights reserved. This content is excluded from our Creative Commons license. For more
information, see https://ocw.mit.edu/help/fag-fair-use/

C —  Why was this image classitied as a cat?

& Research at Google
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Data++

DataZData++

Data
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Predicted class

StylEx

Find top-K StyleSpace directions that most
attect predicted class

4— o .
Manipulate latent variables
<«—— |'StyleSpace”: Wu, Lischinski, Shechtman 2020]
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Class-specific explanation

32


https://ocw.mit.edu/help/faq-fair-use/

Class-specific explanation

Retinal Fundus Classifier:

Attribute #1 Attribute #2 Attribute #3 Attribute #4
“Exudates” “Cotton Wool” “Hemorrhages” “Clustered Exudates”

© source unknown. All rights reserved.sl%is content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/




© Vendrow et al. All rights reserved. This content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/

Original Plates Acquiring images of plates with utensils

tray bucket bucket plate plate

Dataset Interfaces: Diagnosing Model Failures Using Controllable Counterfactual Generation, Vendrow et al., 2023



Generative Models as a Data Source for
Multiview Representation Learning

Generative Model

Dataset

Jahanian, Puig, Tian, Isola
ICLR 2022

Courtesy of Jahanian et al. Under under CC BY. 35



Contrastive Learning

Data space

Courtesy of Jahanian et al. Under under CC BY.
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Contrastive learning + Generative modeling

Latent space Data space Representation space

—> ANV S
> i

Create positive pairs by transformations in latent space, rather than in data
space

Courtesy of Jahanian et al. Under under CC BY. 37



Contrastive learning + Generative modeling

SImCLR views Latent views

Objective: these Objective: these

are two views of are two views of

the same thing the same thing

Courtesy of Jahanian et al. Under under CC BY. 38



Contrastive learning + Generative modeling

SImCLR views Latent views

J"l

LA
4 - ﬁ%t{".": N5 b B 1
A T SN

(b) Crop and resize

These are all different views of the same thing These are all different views of the same thing

Courtesy of Jahanian et al. Under under CC BY. 39



Contrastive learning + Generative modeling

Top-1 Accuracy on
Contrastive learning from real data (SIimCLR, etc) ImageNet1000 linear

>
Given: x4V

J

transfer

Data space Representation space -

43.9%

Dataset

learn: F’

Encoder

Contrastive learning from generated data

Given: @ | ,

Generator

Latent space Data space Representation space
Only — 35.7%
+ [ — 42.6%

Generator

Encoder

Learn: F
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Contrastive learning + Generative modeling

Deep generative views improve contrastive learning beyond only using
standard data augmentation.

When the generative model is high quality, can even outpertorm learning
from real data.

41



Data++

Samples from implicit generative models act like
decorated data, data++, with extra functionality.

With special operators, you can interpolate,
extrapolate, manipulate, compose, optimize, and
label these datapoints.

Fverything you can do with regular data, you can
also try with data++. It might work better!

© source unknown. All rights reserved%is content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/faq-fair-use/




Meta-learning: learning to learn fast
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MAML: Model-Agnostic Meta-Learning

[Finn, Abbeel, Levine 2017]

So far we saw transfer learning as: given some prior model/representation,
how can we quickly adapt it?

Could we learn to do transter learning?
Consider finetuning: given an init, update it with SGD

MAML: learn an init such just a few steps of SGD will update it very eftectively

44



MAML: Model-Agnostic Meta-Learning

[Finn, Abbeel, Levine 2017]

Algorithm 1 Model-Agnostic Meta-Learning

Require: p(7): distribution over tasks
Require: «, 3: step size hyperparameters

— meta-learning

1: randomly initialize 6 --- learning/adaptation
2: while not done do 0
3:  Sample batch of tasks 7; ~ p(7T) VL
4. for all 7; do
S:
6: 1. Starting with init, run a few steps of SGD on task i
' 2. Compute loss after these steps
7:  end for
8: init <— backprop through
9: end while o

45



MAML: Model-Agnostic Meta-Learning

[Finn, Abbeel, Levine 2017]

Init <— backprop through

How to backprop through = 7

1 step SGD:

= forward(X, backward(forward(x, 0)) + 0)

2 steps SGD:

= forward(X, backward(forward(x, backward(forward(x, 6)) + 6), 6) + 6)

46



You can backprop through backward!

forward(X, backward(forward(x, backward(forward(x, 6))

Example forward and backward through a simple net:

X —»

linear

W,

—Z —>

relu

relu

=
S
00

OIS

- e
-, a»

——h-—»

T
— g —

g2
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You can backprop through backward!

forward(X, backward(forward(X, backward(forward(x, 0)) + 0), 8) + )

Example forward and backward through a simple net:

X linear Z relu h linear }Af Lo loss J I —»|zz0l ¢\ |— r%g —» | 1sonil |— Eg —> ulsx — Eg —» | 1somil |—» Eg

48



Task-Informed MAML for Agriculture

* |n practice, the gains of this method are not
often worth the additional computational cost
at training time (worse than just pretraining?)

* Tseng et al. introduce a geospatial
embedding that encodes task-specific context
into meta-learning, and helps performance

Maize

(a) Kenya: Maize vs. Rest

Non-maize

© AAAL All rights reserved. This content is excluded from our Creative Commons license. For more information, see https://ocw.mit.edu/help/fag-fair-use/

TIML: Task-Informed Meta-Learning for Agriculture, Tseng et al., 2022 40



Meta-learning by sequence modeling

e Definition of learning:
® input: a sequence x0, y0O, x1, y1, x2, y2, ...
® output: a function f: x—>y

e x0, y0O, x1, y1, x2, y2, x3, ?

e RNN state + params is f, apply that f to x3
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Transter Learning |l

e Transferring knowledge about the inputs
e (Generative models as data++

e Meta-learning
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