CS 188: Artificial Intelligence
Special Topics: NLP/CV/RL

Instructor: Nicholas Tomlin

[Slides courtesy of Dan Klein, Abigail See, Greg Durrett, Yejin Choi, John DeNero,
Eric Wallace, Kevin Lin, Fei-Fei Li, Sergey Levine, Pieter Abbeel, and many others]



What tasks do we care about?

Object detection and classification
Semantic segmentation

Image captioning

Visual question answering

Video classification and understanding

Image generation



Image Classification

cat




Beyond Image Classification

Semantic Object Instance
Segmentation Detection Segmentation

Classification
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Image Generation

TEXT PROMPT  an armchair in the shape of an avocado. an armchair imitating an
avocado.
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Recall: MNIST Digit Classification

Task specification:

" |nput features: binary pixel values
= Qutput: a digit classification (0-9)

Issues with Naive Bayes classifier:

= Can overfit to individual pixels

= Not robust to scaling, movement left/right, etc.
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Image

28 x 28

Convolutional Neural Networks
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Convolution in 1D

= Basic idea: define a new function by averaging over a sliding window

= Example in one dimension: smoothing
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Convolution in 1D

= Moving average:

l+7r
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= Convolution: same idea but with weighted average
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called a filter



Convolution in 1D

= Filters in one dimension:
= Box filter:[...,0,0,1,1,1,1,1,0,0,...]/5
= Gaussian filter:[...,0,0,1,4,6,4,1,0,0,..]/16




Convolution in 2D

= Filters in two dimensions: same
idea but apply over a square
patch of inputs (often 3x3 or 5x5)

[Philip Greenspun]

- Applications: ~ orignal A|y box blur sharpened A | y gaussian blur
= Blurring E |
= Sharpening
" Feature detection




Convolutional Neural Networks

= Key idea: learn the filter weights via backprop
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Benchmarking on ImageNet
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ResNet (He, et al. 2015)

| Softmax |

= Key idea: )
. ——
= Want deeper networks with more parameters, —rn=>)
but training signal becomes weak T e
= Add “skip” connections between layers so that relu e —
F(X) + X _3x3conv.64 |

there are shorter paths between early
parameters and the final loss function
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Image Classification

cat




Image Captioning

> a cat standing on a desk




Image Captioning with RNNs

Input: Image |
Output: Sequencey =Y., Y,,..., Y1

Encoder: h, = f,(2)

Decoder: y, = g,(Y,, h,, €)

where context vector c is often ¢ = h0

person wearing hat [END]
where z is spatial CNN features
f(-) is an MLP Y, Y, Y; Y,
z |z .|z
o0) 011 02 > h, — h, ——> h, h, —— h,
Zio| 211 %12 MLP
ZZ,O Z2,1 Z2,2
Extract spatial Features: c y y y y
features from a HxWxD 0 1 2 °
pretrained CNN
Xu et al, “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015 [START] person Wearing hat



Image Captioning with RNNs + Attention

Alignment scores:  Attention: This entire process is differentiable.
HxW HxW - model chooses its own
attention weights. No attention
Sto0 101|102 200|104 Sro2 supervision is required
S110] 111 S112—0- B0l Bria | B4z person wearing hat [END]
120 $121) ®1.22 81203121 3122
T Y, Y, Y3 Y,
Z V4 Z
» \ 0,0| —0,1 0,2 > ho h1 h2 h3 h4
‘ CNN 210 %11 | %12
Zy0| %21 | %22 T T T T T T T T
Extract spatial Features:
features from a HxWxD CoifYo | | 2] Y1 G || Y2 Ca || Vs
retrained CNN
p 2 t __+  + 3

Xu et al, “Show, Attend and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015 [START] person wearing hat



Image Captioning with Transformers

Input: Image |
Output: Sequencey =vy.,Y,,..., ¥;

Encoder: ¢ = T, (2)
where z is spatial CNN features
T, () is the transformer encoder

Decoder:y, = T(Y,,. C)
where T(.) is the transformer decoder

’ Z0,0| %01 | %02
\ CNN %0 %1%,
Zy0| %21 | %22
Extract spatial Features:
features from a HxWxD

pretrained CNN

person wearing hat [END]
Y1 YQ Y3 Y4
Y
C C C C
e 22 - Transformer decoder
A
Transformer encoder
A
Y y y y
z0,0 Z0,1 z0,2 " z2,2 0 1 2 ’

[START] person wearing hat



Image Captioning with Vision Transformers

person wearing hat [END]

Y, Y, Ys Y,

C C C .| C

0,0 0,1 0,2 2,2

Transformer decoder

!

IT‘I

Transformer encoder

EnE N |0 0
1

[START] person wearing hat

Need to learn these tokens



Representation Learning

feature
self-supervised extractor supervised evaluate on the
E> learning :> (e.g., a = learning :>£ target task }
convnet) saTRaafan dots s
——_ i ﬁ e.g. classification, detection
unlabeled ]
data
S Rl A fi--
small amount of
- labeled data on - — :
conv fc the target task convy linear
classifier

1. Learn good feature extractors from 2. Attach a shallow network on the

self-supervised pretext tasks, e.g., feature extractor; train the shallow

predicting image rotations network on the target task with small
amount of labeled data



Contrastive Learning
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Representation Learning: SimCLR
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(b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

(f) Rotate {90°,180°,270°} (g) Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering



Representation Learning: SimCLR
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Representation Learning: SimCLR

Key idea: take N images, make 2N augmented versions,

and then try to learn all the pairwise matchings

Maximize agreement

2 > ZJ
()| o0
h; <+— Representation —» h ;

Algorithm 1 SimCLR’s main learning algorithm.

input: batch size N, constant 7, structure of f, g, 7.
for sampled minibatch {z; }5_, do
forallk € {1,...,N} do

draw two augmentation functions t~7T, t' ~ T

# the first augmentation

ZTok—1 = t(xk)

hok—1 = f(Z2x-1) # representation

2ok—1 = g(hak-1) # projection

# the second augmentation

izk = t’(azk)

hor = f(Zaxk) # representation

zor = g(hog) # projection
end for
foralli € {1,...,2N}andj € {1,...,2N} do

si; = 2] zi/(|z:llllz]) # pairwise similarity
end for

exp(si,;/T)
1 Yk exp(8i,k/T)

L= 5 S [0(2k—1,2k) + £(2k, 2k—1)]
update networks f and g to minimize £

end for

return encoder network f(-), and throw away g(-)

define £(7,j) as £(i,7)=—log SN
k=




Representation Learning: CPC

Key idea: treat latent space in image as a sequence of patches
and learn to predict future patches from previous ones
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Autoencoders

Reconstructed
S Ideally they are identical. ------------------ g input
x ~ %’
Bottleneck!

Encoder Decoder !
* 9é fo X

An compressed low dimensional
representation of the input.
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Original
input

E 0000000

Partially
destroyed
input

Input
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Denoising Autoencoder

Encoder

9é

Ideally they are identical.

X~ X

Bottleneck!

An compressed low dimensional
representation of the input.

Decoder

fo

Reconstructed
input




Variational Autoencoder

, _ Reconstructed
——————————————————————————— Ideally they are identical. ~ ----------------------» input
X ~ x/
Probabilistic Encoder
q4(z|x)
latent vector
Probabilistic
— - . Decoder X,
Po(X|2)
o —
Std. dev
B An compressed low dimensional
Z=p+toOe representation of the input.
e ~N(0,I)

https://lilianweng.github.io/posts/2018-08-12-vae/



Generative Adversarial Networks

Idea: train a network to guess which images are real and which are fake!

False

— [True/False]

o | ‘?

“is this a real image”

This model can then serve as a
loss function for the generator!




. get a “True” dataset Dpr = {(x;)}

. get a generator Gy(z) random initialization!

Generative Adversarial Networks
1
2
Ci sample a “False” dataset Dp: z ~ p(2), z = G(z)
5}

m — . — [True/False]
. update Dy(x) = pg(y|x) using Dr and Dr (1 SGD step)

. use D(x) to update G(z) (1 SGD step) discriminator
m(%n max V(D,G) = Egnpyora(z) 108 D(T)] + E,op(z) log(1 — D(G(2

. N &
I -
1 1 pz)  G)

N N « n
1 1 generator
N E_ log D(z;) x; € Dr N E: log(1—D

“classic” GAN 2-player game:

r; = G(z;)



Data

Diffusion Models

Forward diffusion process (fixed)

Reverse denoising process (generative)




CLIP and DALL-E

1. Contrastive pre-training 2. Create dataset classifier from label text

pepper the Text
aussie pup e a photo of Text
a {object}. Encoder ) ) )
T T, T3 Ty
— I L LT, I Iy Ty
. ae ' ¥ '
— I I Ty IpT, IpyTy - Iy 3. Use for zero-shot prediction
T T, T3
Image
Encoder I3 I3 T1 I3.T2 IZ T3 I3 TN
Image
Encoder I L LT, I
— IN IN T, IN-T2 IN T3 IN TN

a photo of

adog.




