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Our roadmap

Covered: Fundamentals

Fundamental belief: universal approximation theorem
Basics of numerical optimization

Training DNNs: basic methods and tricks
Now: Unstructured data: images, sequences, graphs

Work with images: convolutional neural networks & applications
Work with sequences: recurrent neural networks & applications
Working with graphs: graph neural networks & applications

Transformers, large-language models, and foundation models
Generative/unsupervised/self-supervised /reinforcement learning

Learning probability distributions: generative models
Learning representation without labels: dictionary learning, autoencoders,
self-supervised learning

Gaming time: deep reinforcement learning /
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Structured vs. unstructured data

Structured Data Q) Unstructured Data

Cannot be displayed
inrows, columns and
relational databases

Can be displayed
in rows, columns and
relational databases

— structured data also called

Numbers, dates Images, audio, video, tabular data
and s"'ings word processing files,
e-mails, spreadsheets
— structured data often
Estimated 20% of 0% Estimated 80% of directly fed into classical
enterprise data (Gartner) 5 enterprise data (Gartner)
ML tools
Requires less storage - Requires more storage the success Of D L mOStly

lies at learning useful
More difficuit to features/patterns from

manage and protect
with legacy solutions

Easier to manage
and protect with
legacy solutions

©00

unstructured data, i.e.,

representation learning

Credit: https://lawtomated.com/

structured-data-vs-unstructured-data-what-are-they-and-why-care/
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Feature engineering for unstructured data: old and new
S

Credit: [Elgendy, 2020]

Feature engineering: derive

features for efficient learning

Traditional learning pipeline

— feature extraction is “independent” of the learning models and tasks

— features are handcrafted and/or learned

Modern learning pipeline

— end-to-end DNN learning
4/72



Find patterns in an image
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Digital images

2828
=784 pixels

(Credit: [Elgendy, 2020]) (Credit: Wikipedia)
— pixels: entries in the matrix or tensors
— bit/pixel-depth 2" (typical 28, i.e., ranging from 0 to 28 1 = 255)
— compression formats: PNG, JPEG (JPG), SVG, GIF, JPEG2000, etc

— normalization: =(2" 1), zero-mean unit-variance (over a batch of
images), min-max
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How to find a pattern in images?

— Each time inner product of the original (red) and overlapped (green)
patches (i.e., matrices) are taken

The output matrix is the correlation

Position(s) with the largest magnitude is candidate match—detection

Care about the largest magnitude only if only interested in Yes/No—max
pooling

BTW, anything wrong with this?
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Template matching prevails in (classic) image processing

edge detection image sharpening

Enhanc

Enhanced image, radius=>5, amount=2.0 Enhanced image, radius=20, amount=1.0

0000|010 [l . X0 =X+ (X k X) k: blur kernel

I] (Credit: scikit-image)
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Problem with template matching

3

In? E

It handles the uncertainty about location (i.e., translation), but not

— not rotation or scaling

— local deformation
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Feature-based approach!

[MACHNE LEARNING

Before 2010’ @f_ S

carv

TRUCK X

BICYCLE X

key-patd feature histogram
detection Sraction computation

classification

3 o] Il

Method NLT SRT RCT TL" mAA(5°)" mAA(10°)T ATE' Rank
CV-SIFT 25776 967 94.1 3.95 .5309 14
VL-SIFT 30307 979 954 4.17 .5273 13
VL-Hessian-SIFT 3209.1 974 941 4.13 4857 16
VL-DoGAff-SIFT 3061.5 98.0 962 4.11 5263 12
VL-HesAffNet-SIFT ~ 3327.7 97.7 952 4.08 5049 15
CV-V/SIFT 96.6 4.13 5778 9
CV-SURF 92.6 3.47 3897 18
CV-AKAZE 95.4 3.88 4516 17
& 91.1 345 2697 22
CV-FREAK 91.7 3.53 3735 20
L2-Net .6 96.2 421 5661 10
DoG-HardNet .5 97.7 4.34 6090 1
DoG-HardNetAmos+ .8 96.9 4.28 5879 6
Key.Net-HardNet .9 96.7 4.32 5391 11
Key.Net-SOSNet .0 98.7 4.46 5989 2
oDesc 3 .1 97.2 426 5782 8
ContextDesc 37325 993 97.6 4.22 6036 3
DoG-SOSNet 37960 99.3 974 4.32 6032 4
LogPolarDesc 4054.6 99.0 96.4 4.32 .5928 5
D2-Net (SS) 5893.8 99.8 975 3.62 3435 21
D2-Net (MS) 6759.3 99.7 98.2 339 3524 19
R2D2 (wasf-n8-big) 44329 99.7 972 4.59 5775 7
DoG-AffNet-HardNet 4671.3  99.9 98.1 4.56 6296 1*
DoG-MKD-Concat 35074 98.5 96.1 4.17 5461 11*
DoG-TFeat 29053 97.1 948 4.04 .5270 14*

see the survey
[Jin et al., 2020]
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Transition to representation learning

traditional learning pipeline

modern learning pipeline
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Problems with fully connected networks (FCNNSs)
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Complexity

Input sizes
i video time series
image audio (spectrogram)
10 8(10s)
10 °®
10 #(10s) 1/resol

100 hidden nodes at layer 1 9 10 billions variables in the rst layer!

{ storage: 80 billion bytes 80GB!
{ computation

{ data: need enough data to t
complex models
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Locality and ordering

spatial features are mostly localized! ~ Can we learn spatial features easily?

{ FCNN treats the input as a vector

{ FCNN is insensitive to any
universal permutation of the
coordinates to all inputs

{ implication: ordering and locality
are lost together
15/72



Invariance

where the pattern is found shouldn't matter much

{ For FCNN, all possible translated copies should be available for training

{ Similarly for rotation, scaling, local deformation
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Ideal neural networks for spatial data

Problems with FCNNs: high complexity and lack of locality and invariance

Goal: build these into the architecture directly

{ Extracted features invariant to
translation, rotation, local
deformation

{ Low complexity

(Credit: [Elgendy, 2020])
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A quick preview of convolutional neural networks (CNN)

(Credit: [Elgendy, 2020])

{ Input layer
{ Convolutional layers for feature extraction
{ FC layers for classi cation

{ Output layer for prediction
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Components of CNNs
Convolutional layers
Pooling layers
Why multilayers?

Computation
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A closer look at CNNs

(Credit: [Elgendy, 2020])

{ convolutional layers
{ pooling layers

{ fully-connected layers
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Components of CNNs

Convolutional layers
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Convolution

(Credit: [Elgendy, 2020]) https://github.com/vdumoulin/conv_arithmetic

Key concepts:

{ lter/kernel
{ inner product h; i at each location
{ (zero)-padding|dealing with boundaries

{ strides/steps
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Convolution is a misno

2D Correlation 2D Convolution

{ The only di erence is the ipped template

{ People actually implement correlation (not convolution; they're equivalent
from learning perspective|the template is to be learned!)

{ Math notations: for convolution, and ? for (cross)-correlation

Is correlation/convolution a surprise?ocality and translation invariance (when
coupled with max pooling)
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Connection to fully-connected NN

(Credit: [Elgendy, 2020])

input: a whole matrix  output: neuron outputs organized into a matrix

{ local/sparse connectivity: each neuron connects only to its receptive eld

{ weight sharing: all neurons share the same weight pattern
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Multiple lters each layer

what happens in later conv layers?
{ input: tensor with C; channels
{ output: tensor with C, channels

what are the operations?

(Credit: [Elgendy, 2020])

for the rst conv layer:

{ each lter generates an output,
called feature map

{ k lters will generate k feature

(Credit: https:
maps/channels

/lcs231n.github.io/convolutional-networks/)
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Demo of multi-channel (spatial) convolutions

https://animatedai.github.io/
(Thanks to Sasha Hydrie!)
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Multiple-channel convolution

(Credit: https://cs231n.github.io/

convolutional-networks/)

C1 input channels(X), C; output channels

{ each lter Fj isasizew h C ; tensor, i.e., with
C1 channels
{ all channels of the Iters get convolved with the
corresponding channels of X, and then summed
(plus an optional bias)
iiél Fil;; 51?2 X[ 50 +b
{ so each lIter generates a 2D map, and there are
C, lters to generate C, output channels
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Do we reduce the complexity?

Suppose G input channels and G output channels of size H W

{ # parameters if implementing fully connected layer? O(GC,H ?W?)

{ # parameters if implementing convolution of h w? O(C 1Czhw)

h; w often small constants, e.g., 3 in practice
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Components of CNNs

Pooling layers
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Convolution helps to achieve locality, and (much) reduced complexity, what
about invariance?

(Credit: Stanford CS231N)

{ max pooling (i.e., max within the receptive eld)
{ average pooling (i.e., weighted average within the receptive eld)

{ strides and receptive eld size (often 2/2 or 2/3)

30/72



Why pooling?

reduce complexity (with stride 2)

(Credit: [Elgendy, 2020])

{ deeper layer: more lters5) subsampling avoids explosion in computation
{ subsampling keep important features

(Credit: [Elgendy, 2020]) 31/72



Why pooling?

(approximate) local translation/distortion invariance

(Credit: [Goodfellow et al., 2017])
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Combine convolution and pooling|convolution with strides

idea: convolution with stride 2 convolution + subsampling

https://github.com/vdumoulin/conv_arithmetic

So use all convolution (with large strides) layers only, no pooling

[Springenberg et al., 2014]
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Components of CNNs

Why multilayers?
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Why not single layer?

using a one-layer CNN ...

{ eciency: one kernel for each variation of 8? for each variation of every
object?

{ better: share kernels across digits or all object categories, but low-level
features (edges, corners, etc) likely shareable =5 form hierarchy
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Hierarchical scan

{ Later neurons have increasingly large e ective receptive elds on the
input image, i.e., scanning using composition of the Iters

k|_ k1X:kX

where the e ective k is much larger in spatial extent

{ composition (with pooling layers or strides) allows local translation- and
distortion-invariance
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Examples of learned features
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Components of CNNs

Computation
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