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htips:// forbes.com/sites/robtoews/2021/10/03/alphafold-is-the-most-important-achievement-in-ai-ever/

37% of tech organizations use Al!

Object Detection Instance Segmentation

VB VentureBeat

Uber’s self-driving Al predicts the trajectories of

: . 5 Test with your own text Results
pedestrians, vehicles, and cyclists &
In a paper, Uber researchers describe an autonomous vehicle perception — This product was very bad
system that reasons about the behavior of pedestrians, vehicles, and ... ' Negative 99.7%
[OINN |

World Economic Forum
How Al and machine learning are helping to tackle COVID-
19

Organizations have been quick to apply Al and machine-learning in the fight
to curb the pandemic - and here are some of the most exciting ...

Classify Text

Sentiment Analysis of reviews.

University of
Pittsburgh


https://www.forbes.com/sites/robtoews/2021/10/03/alphafold-is-the-most-important-achievement-in-ai-ever/
https://www.nytimes.com/interactive/2020/11/21/science/artificial-intelligence-fake-people-faces.html
https://www.nytimes.com/interactive/2020/11/21/science/artificial-intelligence-fake-people-faces.html
https://monkeylearn.com/sentiment-analysis-online/

Super Resolution Upscaling

Bicubic Regression SR3 (ours) Reference

Semantic Segmentation

R

Object Detection Instance Segmentation

https://arxiv.org/abs/2104.07636

Image Classification SOTA

100
2.44B
1.84B
90 66M Jw.—m-‘
30M NASNET-A(6) 87.73
C 80 Inception_V,S—.——‘—“
% SPPNet
Q
¢ 7 60M
— AlexNet
&
= 60
SIEF%+ FVs
50 [ &
40
2012 2014 2016 2018 2020

Other models -e- State-of-the-art models

https://thispersondoesnotexist.com

University of
@ Pittsburgh



The Al needs to see!

» Human vision is a complex phenomenon starting with the light rays entering through the cornea of the
eye and the visual cortex making sense of the various signals it receives.

» However, computers speak only numbers. Hence, images are represented as numbers, usually in
intensities ranging from 0 to 255.
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Challenges with learning images

Problems:

|12 pixels

» High dimensional input

150 x 150 pixels x 3
(RGB) = 67,500

» 2D correlations

» Operational invariance

Scale, translation, etc

Sun flower?
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Very hard to train with DNN!

Number of parameters =3 x (D x D) + D

To feed images to FCN (DNN), we can
flatten the images.

For a 32x32 image, D=1024.

Number of parameters = 3 x (1024 x 1024)
+ 1024 = ~ 3x10°
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Convolutional neural networks (CNNs)

Feature extractor
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Edges, contrast }\Iphabets and color
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Hierarchical Architecture of the mammalian visual
cortex
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— Ventral (recognition) pathway in the visual cortex has multiple stages
Retina- LGN -V1-V2-V4-PIT -AIT ....

— It's hierarchical
— There is local processing
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LeNet (1989)

C1: foature C3:1. maps 16@10x10
: r o 1
6@28:28 maps S4:1. maps 16@5x5

|
‘ | Ful condection | Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

AFull Convolutional Neural Network (LeNet)
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LeNet1 Demo from 1993

—Running on a 486 PC with an AT&T DSP32C add-on board (20
Mflops!)
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Why CNN now? A: ImageNet and GPU

—The ImageNet dataset [Fei-Fei et al. 2012] Sealion

— 1.5 million training samples
— 1000 categories

— NVIDIA Graphical Processing Units (GPU)

— Capable of 1 trillion operations/second
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ImageNet large-scale visual recognition challenge (ILSVRC)

— The ImageNet dataset
— 1.5 million training samples of size 224x224x3
— 1000 fine-grained categories (breeds of dogs....)

ruffed grouse  quail partridge <« . .
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‘-‘}\
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wagon minivan

race car
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CNN ingredients

— Convolutional filters
— local connectivity
— parameter sharing

—Pooling/subsampling hidden units

Layer 3
256@6x6 Layer 4
256@1x1 Output

Layer 1
64x75x75

9x9
convolution
(64 kernels)

10x90 pooling,  convolution
L

. . 6x6 pooling
Z subsampling (4096 kernels) L}

4x4 subsamp
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Convolution filters

filters=8, filters=4,
kernel_size=3 kernel_size=4

FCN
| Convolved
¢ |i) ‘ I_J}) I mage Feature
Input image

8 feature maps.
Size of feature map -> parameters we set for the kernel.
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A B Elementwise

np.dot(AB)  Multiply and Add
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Input Kernel = [[1,0,1], tf.keras.layers.Conv2D(filters=1, kernel_size=(4,2),
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Input to Conv Layer Kernel of Conv-Layer Output of Conv Layer

Feature Map

2 Done

4
5 —
EEE'IIIIIIIIIIII 2
4

tf.keras.layers.Conv2D(filters=2, kernel_size=(4,2),
padding='same', activation='relu’,

input_shape=(5,5,1)),

tf.keras.layers.Conv2D(filters=2, kernel_size=2,
padding='same', activation='relu’)

“Knobs”
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Conv Layer 1 Conv Layer 2 Conv Layer 3

height

CAT

width
channel
Low-level features Mid-level features High-level features
Edges, contrast, colors, Shapes of objects The objects and
and color-gradients and colors some colors
Input . o Output
Pooling Pooling Pooling =* |
‘‘‘‘‘‘ g “17=m====-...| Horse
__________ | | E— Zebra
. S Dog

: SoftMax

. . . Activation

Y Convglutlon Convglutlon Convglutlon — Eieetion

Kernel Rl RelU RelU Flatten
I — Layer
L Fully
Feature Maps - —Connected——
Layer
| .
Feature Extraction Classification Eﬁfﬁfﬁ:?fg:

https://www.analyticsvidhya.com/blog/2021/05/20-questions-to-test-your-skills-on-cnn-convolutional-neural-nety
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10x10 110 92

5x5

Example of Max Pooling.
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L B e e )
:0:/010:01:0:
e :
t0lol1]2}o0:
o -u-\.-\.:

031450
b -\.-\.-\':
0167 ]18}0!
b ~
:03,0¢080¢0
Ve e lecalacalacalaca
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Strides = 1
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Strides

Strides = 2

Stride is how much we move the
kernels forward at each step during
the convolution operation. When the
stride is 1 then we move the filters
one pixel at a time. When the stride
is 2 then the filters jump 2 pixels at
a time as we slide them around.
This will produce smaller output
volumes spatially.



Data augmentation

» Goal:introduce scale and rotational invariance

» How? Generate artificial images
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Different CNNs

» AlexNet

» VGGNet

» Inception model
» ResNet

4

ILSVRC 2014 winner (6.7% top 5 error)
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ResNet (He et al, 2015) L e e

: 0 -
ILSVRC 2015 winner (3.6% top 5 error) ™ ==
A
* 1st places in all five main tracks =
* ImageNet Classification: “Ultra-deep” (quote Yann) 152-layer nets
* ImageNet Detection: 16% better than 2nd =
[ »@amzz |
* ImageNet Localization: 27% better than 2nd e
* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd = e
[ =wewmsz ]
1 52 Iaye rS' ' ' 25.5M parameters : - :
[ B ] [ =ewmsz ]
method top-1 erm. top-3 em.
VGG [41](ILSVRC 14) - 8.437
GoogleNet [44] (ILSVRC"14) - T7.89
VGG [41] (v5) 244 7.1
PReLU-net [13] 21.59 571 i a2
BN-inception [16] 21.99 5381 -
ResMet-34 B 21.84 571
ResMet-34 C 2153 5.60
ResMNet-50 2074 525
ResNet-101 19.87 4.60
ResMet-152 19.38 4.49 o |:'=‘*‘°Z|
Table 4. Error rates (%) of single-model results on the TmageNet [ e ]

2 University of validation set (except | reported on the test set).
Pittsburgh _—



ResNet (He et al, 2015)

ILSVRC 2015 winner (3.6% top 5 error)

Research

Revolution of Depth

152 layers
A
\
\
\
\
\
\
\
22 Iayers [19 Iayers
\ 6.7
357 '-_ I [ 8 layers ‘\ 8 layers shallow

ILSVRC'15 ILSVRC'14  ILSVRC'14  ILSVRC'13 ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)
2ICCV ©

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. "Deep Residual Learning for Image Recognition”. arXiv 2015.
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ResNet (He et al, 2015)

Deep Residual Learning for Image Recognition

fc 1000
4 1LtLouvu

£
rgh

Kaiming He

Xiangyu Zhang

Microsoft Research

Shaoqing Ren

Jian Sun

{kahe, v-xiangz, v-shren, jiansun } @microsoft.com

* Plaint net

"

weight layer

relu
A4

F(x)

weight layer

|
—_— vlre u

Why does

it work?

* Residual net

X

Y

weight layer

relu
y

weight layer

H(x)=F(x)+x

identity
X

« The “identity” path preserve the gradient!




Results of 2017

0.3
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0.15
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Deep learning modules
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Convolutional layer

Residual layer

weight layer

Graph convolution

F(x) N \
identity
(x) +x
Attention layer Prediction layers
Wi we  we we) Softmax Linear Sigmoid
r 1t 1 f 07
ATTENTION LAYER
0.1 -0.5
o 1
The little bird flight O. 2
E @ E E Oto1 -Inf to Inf Oto 1
o - — (probability) (logiC,)  (activation status)



Building a convolution neural network (CNN)

Dense layers Convolutional layer Prediction layers

Softmax Linear Sigmoid

0.7 0.1 0.1
0.1 -0.5 0.5
0.2 0.3 0.9

Oto1 -Inf to Inf Oto1
(probability) (logiC.,)  (activation status)

Input
Prediction

Convolution  °°liNg Flattening
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Supervised deep learning models

Graph CNN

Prediction
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Pooling - Flattening

Input Output ,
layer Hidden layer Convolution
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Transformer

RNN (LSTM, GRU)
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Unsupervised deep learning models

Autoencoder (AE) o Variational Autoencoder (VAE)
(?p lonal zero-
latent variable, z ~ infated layer | tsatmp'etd
_’O l T atent vector, z L
- ~- -
@ O g = Tz
> § § O mean O %
x 4 5 & -
¢ . offO No-0- 5 3 . or O No- §
& O { -3 2 _of o~ §
Clustering, etc variance
Encoder, Eg Decoder, Dg

Encoder, £y Decoder, Dg
Generative Adversarial Network (GAN)

Real scRNA-
seq profile, x
2 —» fakelreal
e
h scRNA-seq proﬂe xp
=]

Generator Generated
% scRNA-seq
K (with specific cell-type)

Library-sze nomalizabon
expression dropout
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