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Big Data Era

e Data from many kinds of
Sensors

e Data from simulations

e Data from the activities of 4,
individuals on the internet SaipaEE e
“Data Science” AR




Data Sets of Geometric Character

3D city scans (Bremen)

2D vehicle GPS traces (Beijing)




Semantics Requires Geometry

Motion involves geometry
Optical flow

Object recognition and foreground extraction

Segmentation involves geometry




Non-Geometric Data

Subtype 1

Subtype 3

Diabetes Il
subtypes

Subtype 2

Female




Data Has Shape




The Geometry of Data or the Data of Geometry

geometric|datalanalysis




The Role of Supervision in Geometric ML

* The success of deep learning has to a large extent
been made possible by huge annotated data sets
and the availability of large amounts of computing
power

* Yet, in many settings, obtaining quality training
data at scale from human annotation is challenging
— especially in geometric or 3D settings




Towards Reduced or No Supervision

* Thus it is important to consider learning
protocols and architectures that reduce,
minimize, or eliminate supervision

* Transfer learning, semi-supervised learning,
few-shot learning, unsupervised learning

* Joint learning takes a more holistic
approach towards the “social aspects” of
learning

* data, training or testing, have correlations
* learning tasks have correlations
* representations of data have correlations
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Unsupervised Segmentation: “Wisdom of the Crowd”

* The interpretation of a particular piece of geometric data is deeply influenced by
our interpretation of other related data
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3D Segmentation



Data Integrtion Across Multiple Modalities

+ High resolution

« + Dense coverage

« -Subject to many imaging
artifacts

o + Absolute depth and scale
o -Sparse, low rez
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Joint Learning

* Need to aggregate information:
» over different data sets

» over different modalities (geometry,
appearance, language)

e over space and time

» over different representations
e over different predictions

» over different tasks

in settings where the above refer to
same entities in the world — and are
thus correlated
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The Challenge: Information Transportation and Aggregation

e Aggregation needs
 the ability to transport information
 the ability to ignore nuisance factors

* to ability to have a common language
— information representation
consistency

* Some powerful tools
e voting mechanisms
* factorization and canonicalization

* path invariance and loop closure in
transport

Tower of Babel
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Look at Data from Many View Points

* Algebraic

* Graph theory based
* Geometric

* Topological

Getting to the semantics of data
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CS233 Key Course Goals

* Cover basic tools for geometric and topological data analysis, both
supervised and unsupervised

e Discuss mathematical ways, based on geometry and topology, to
encode and transfer knowledge about the data

* Introduce methods for joint data analysis and joint machine learning
— benefiting from the “wisdom of the collection”

* Challenge: a diversity of tools ... LA, ML, Stat, optimization, geometry
processing, computer vision, algebraic topology ...
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Prerequisites / Overlaps

* Presumes some knowledge of linear algebra, optimization,
algorithmic thinking, basic geometry ...

* As compared to CS5229, STATS216, greater emphasis on diverse,
irregular data types (e.g., point clouds, graphs, meshes) and
unsupervised methods, in addition to the geometry / topology angle

 Data sets will be primarily visual/geometric (images, 2D/3D point
clouds, meshes, or CAD models)
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Unsupervised Methods
The Linear Space View of
Data




Embedding Data into a Euclidean Space

 Attributes or features can be used to map data to a Euclidean space

19



Direct and Indirect Embeddings

# Latent code

Z axis A

‘ O—l == Y axis

_ Very high-dimensional
X axis
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Linear Space Methods

* Principal components analysis (PCA)

e Canonical correlation analysis (CCA)

Dimensionality reduction

Low-d data (intrinsic dimension) living on a linear subspace,
inside a high-d space (extrinsic dimension)
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Data as Points on a Manifold

* Non-linear dimensionality reduction

* Low-d data inside high-d space may
lie on a non-flat manifold

Isomap, locally linear embeddings, Laplacian eigenmaps, t-SNE
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Supervised Methods,
Deep Learning




Machine Learning

# Traditional Programming

Input . Program - Output
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Machine Learning

# Traditional Programming

Input ' Program 4 Output

# Machine Learning

Example Input

Program

Example Output
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Machine Learning

Parametrized by many
learnable parameters

Model Fitting

Regression Classification e



Deep Learning

+ Deep learning allows computational models that are composed of
multiple processing layers to learn representations of data
with multiple levels of abstraction.

Deep Learning by Y. LeCun et al. Nature 2015

input layer

hidden layer 1 hidoen layer 2
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Inside Neural Networks

h1=f(w1ll * x1 + w21 * x2 + w31 * x3 + b1)

f: non-linear activation function

Oifz <O

rectifier

input layer
hidden layer 1 hidden layer 2

Model: Multi-Layer Perceptron (MLP) y = Waf(Waf(Wiz +b1) + b)) + b3)
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Neural Networks as Feature Extractors

# Neural networks extract powerful features from data

Low-Level| | Mid-Level __High—LevEl | Trainable
Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Image Credits: Yan LeCun
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Trainable Feed-Forward Learning Pipelines

A4
Latent representation

“narrow neck”

Input data x

Learning task result y

fo(z) =y

Feature extraction, Output generation,
encoding decoding

A latent code (= a point in a Euclidean feature space) acts
as a low-d proxy for high-d input data, w.r.t. a learning task. 30



Image Deep Learning Networks

* Feed forward networks

> pbird

e
sunset [

psunset

|

dog [™ Pyog

|

cat = Peat

|

convolution + max pooling vec
nonlinearity

Idoooootf(éé&&&&

|OODODOOOOD

e

|

convolution + pooling layers fully connected layers  Nx binary classification

Classification

31



Convolutional Layers

. 32x32x3 Image

5x5x3 filter w
=

B ¥~ 1 number:

the result of taking a dot product between the filter
and a small 5x5x3 chunk of the image

32 (i.e. 5*5*3 = 75-dimensional dot product + bias)

wlz + b
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Convolutional Architectures

32

32

CONYV,
RelLU

e.g. 6
5x5x3
filters

28

28

CONYV,
RelLU

e.g. 10
5x5x6
filters

24

CONYV,
RelLU

24

10

ConvNets are a sequence of convolutional layers, interspersed with activation functions
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Pooling Layer

- makes the representations smaller and more manageable
- operates over each activation map independently:

224x224x64

112x112x64

pool

—

|

T 112
downsampling
112

224

224
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Data Abstraction Across Layers

Convolution Fully connected
A
p
E—
=
=
—
LO (Input) L1 L2 L3
512x512 256x256 128x128 64x64 32x32 (Output)

[Makwana, 2016]

Data-driven feature learning at ascending
abstraction layers

IH

“Vertical” networks

[Lee et al

., 2009]

ASKNTF

N
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[He et al., 2015]

Success Made Possible By ....

Novel deep architectures
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Transformers

Attention Is All You Need

Ashish Vaswani® Noam Shazeer” Niki Parmar” Jakob Uszkoreit™
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones™ Aidan N. Gomez™ | F.ukasz Kaiser”
Google Research University of Toronto Google Brain
11ion@google.com aidan@cs.toronto.edu lukaszkaiser@google. com

Mlia Polosukhin* *
illia.polosukhin@gmail.com
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Transformers

: . . THE
Je suis étudiant | —» TRANSFORMER — | | am a student
| am a student
4
(r 3 ' ! 1N T
ENCODER = DECODER
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kL ? v " J)
. “ |
Je  suis étudiant Credits: Jay Alammar's blog

(http://jalammar.github.io/illustrated-transformer/) ss



http://jalammar.github.io/illustrated-transformer/

Transformers for NLP: Attention Mechanism

t t t
Feed Forward
1 1 1
[T T 1] LT T T] [T T 1]
t t t
Self-Attention
1 1 1
X1 . X2 X3 | .
Je suis étudiant

Layer:| 5 | Attention: | Input - Input

Cross_
the_
street_
because_
it_
was_
too_
tire

d

Credits: Jay Alammar's blog

The_
animal_
didn_
t_
Cross_
the_
street_

because_

Cot

was_
too_
tire

d

(http://jalammar.github.io/illustrated-transformer/)
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http://jalammar.github.io/illustrated-transformer/

A Closer Look at Self-Attention

Input Thinking Machines Input Thinking Wachines
Embedding x: I . [ Embedding x [T x. [T
Queries a LT o LI
Queries a1 gl [ 1] wa Keys [ TT1]1 [T 1]
Values [T 1] [T 1]
Score qie ki= gi ® =
Keys [T [T 1]
Divide by 8 ( d; )
Softmax
Softmax
Values D:I:‘ I:I:‘j X D:I:‘
Q=W2x X; K=WKx X; V=XY x X Sum [TT1] [TT1]
T
. 0K
Attennon(Q, K, V) = softmax V _ '
, /dk Credits: Jay Alammar's blog

(http://jalammar.github.io/illustrated-transformer/) 40



http://jalammar.github.io/illustrated-transformer/

Visual Transformer (ViT)

The general attention layer is a new type of layer (like Convolutional

EI'ICIDdEI_'I C= Tw(z) layer) that can be used to design new neural network architectures.
where z is spatial CNN features
Tw{.) IS the transformer encoder Classification

, Object Detection
Caption Generation

\ Z[m 7 - il B

01) 0.2 o0 01 || Y02 | - C'z,z
CNN 210 211 442 t
Zyo 221 | Z35 Transformer encoder x N

—

Extract spatial Features:
features from a HxWxD 1 Zoo || Zos || Zoz | - | 223
pretrained CNN

Flattened into tokens, but with positional encodings

Image Credits: CS 231n
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Deep Nets are Everywhere

Classification Retrieval Detection | Text processing

1 caughi this the Sci-Fi channel recently. I actually turned out to be pretty decent as far as Bl
ud mot

 other
<l passabie ot hoorslsher bt DEBHERY WOFH CHEEKIBE E

0t New York iy s, The cst shawed pronise bt vhen [ saw the directr, George Cosmcio,  hecame
a5 bad, every bit

“The first was good and o
is Judd Nelson's character
Someimes thert

e, So1 heard a second one was made and 1 had to watch it. What really makes this movie work

good seript for a person wh wrote the Fi irection was okay.

e using a home video camera y - look. Great made - V movie. It was worth the rental
e

nice eerie ‘and watch Judd Nelso newcomers (o waich the fist

agaric
mushroom
Jelly fungus
gill fungus

A group of young people Two hockey players are fighting
playing a game of frisbee. over the puck.

captioning

[ = sTATIONARY OBJECT
E = MOVING DBJECT
B = TAMAL OBUECT

Speech
processing




Learning on Irregular Data




Multiple Representations for 3D Geometric Data
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Regular vs Irregular
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Deep Learning for 3D Geometry Analysis

skateboard

&
: - ‘h‘~‘,r
5 ey
B "%
L o FLS
ol AT
- 443
3 22
l|\ &“4—“
a, 8
el

pistol

It is a chair!

carphone :

Classification Segmentation/Parsing Correspondences
(object/scene)
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Convolutional Networks

s| 3 < 5 c|l 5 c| 5 £2,_ —>Flower
= © = © = @ = (] = Fa
S B2l e (25| 2| 3 |28 S BE[R8| — | 555 —>Cw
glE8 8| | 5|8 &| |z |%= 5 %8| & 25y —Car
= = = = = =y
8 8 8 : =835 —>Tree
Input Image
Probability
) 2
T a 5 g
Sliding window 2 2
s X1 2 %2 |Cup
[ T1T e 5
‘ ] N , BEE 38 g2—> ]
* * ‘EEN ., X = £3
‘o 2 o £ |Car
Filters HEn X3 5 AL
light and dark simple shapes complex shapes shapes that can be . = S
used to define a flower o 5 | Tree
. o
i— N

. e E

Every feature map output is the
result of applying a filter to the image
The new feature map is the next input

Activations of the network at a paw

Convolutions require regular array type inputs for weight sharing
and other optimizations

47



PointNet: Working Directly with Point Cloud Data

* Goal: design a NN architecture that can work directly with point clouds
* Must deal with unstructured, unordered data

Object Classification

Part Segmentation
L> PointNet L> Semantic Segmentation in

scenes

Point Set Point Feature Learning
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The Graph View of Data




A Graph View of Data




Graphs and Simplicial Complexes
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Spectral Methods in Graph Theory

* Linking the graph-theoretic and
linear algebraic view of data.

Graph Spectra

for Complex Networks

PietVan Mieghem
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Multidimensional Scaling (MDS)

* A “distance preserving” embedding of the data into a Euclidean space
* Sometimes distances are observed directly (e.g., similarity ratings)
* Sometimes they can be calculated from a data table (e.g., Euclidean distances, correlations)

dimensions
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Dim 2

—
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objects
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Topological Data Analysis
(TDA)




From Data to Algebraic Objects

Pierre Antoine Grillet

Abstract Algebra

Algebraic entities as
data descriptors
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Computational Topology

* Topology is the branch of
mathematics that does not take
distances too seriously. G. Carlsson

 Large distances (aka “similarity
metrics” are often suspect ...
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In TDA, Sampled Spaces: “The Shape of Data”

Regression Cluster Loop Flared



Simplicial Complexes

A simplicial complex K is a finite set of simplices such that
l.L.ce K.t1<o=71€K,
2. 000 e K=o0cndo <o’ oroana =10.

The dimension of K is dim K = max{dimo | o € K}.

The vertices of K are the zero-simplices in /K.

A simplex is principal if it has no proper coface in /.

(left) an example (right) a non example 58



Complexes via Proximity

Must choose which simplices to introduce

Cech Alpha Rips

Combinatorial complexes provide discrete representations
of the underlying space
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Algebraic Topology and Topology Inference

* Unlike geometry, topology studies the global structure of spaces

* Getting to this structure via algebra |algebraic topology

Algebraic

Topological structures:
Spaces vector spaces,
groups, rings

Sampled

approximations, Topological Data Analysis (TDA)

mplex
complexes 40



Algebraic Topology: Simplicial Homology

* The £th homology group is

Hk = Z}{J./Bk — ker ar{;/lﬂl 6k+1.

* If 2y = 20 + By, 21,20 € Z);, we say 21 and z9 are homologous

® Z1 ~ Z9.
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Persistent Homology

* Persistence of topological features

* Barcodes and persistence diagrams

* Data embeddings into non- s,
Euclidean spaces
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Functions on the Data as Filters
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Functions as Lenses on Data

(G = d-neighborhood graph 66



Data Representations
and Latent Spaces




(Too) Many Latent Spaces

Many types
of data

Many learning
tasks

Codes
Latent vectors
Parametrizations

Representations
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Correlated Data Sets

69



Correlated Tasks

RGB Image

Predicted Normals Predicted Depth Predicted (re)Shading Predicted Curvature
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The Structure of Latent Spaces

Z axis A

- o/ == Y axis
a'. 2nUELOV €0TLY, OU pugPoc ouBev.

a. A point is that which has no parts
X axis

Sirewy,

/1




The Mathematics of Latent Codes

* What kinds of mathematical objects can serve well as latent space codes?

* How should such an object vary with
* the input data?
* the input modality?
* the learning task?

/2
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Relating Data Sets:
Horizontal Map Networks




Horizontal Networks & Joint Learning

Similarity as a communications channel

34 The Mathematical Theory of Communication |

INFORMATION
SOURCE  TRANSMITTER RECEIVER  DESTINATION

.
C

L
! o

SIGNAL RECEIVED
SIGNAL
MESSAGE MESSAGE
Claude Shannon
NOISE
SOURCE
THE MATHEMATICAL THEORY Fig. 1. — Schematic diagram of a general communication system.

OF COMMUNICATION

ap Tassls K Hhansss wsl Warses Wisad
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Alignment and Registration

Rigid Registration

Low-dimensional transformation group
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Maps and Correspondences




Transport Operators

79



Societies, or Social Networks of Data Sets

Our understanding of data can greatly benefit from extracting these relations and
building relational networks.

We can exploit the relational network to
* transport information around the network
 assess the validity of operations or interpretations of data (by checking consistency against related data)

» assess the quality of the relations themselves (by checking consistency against other relations through cycle
closure, etc.)

e extract shared structure among the data

Thus the network becomes an important regularizer injoint data analysis.

80



Functionals Over Data and
Functional Maps




Knowledge as Functions over Data

SIFT flow, C. Liu 2011

Knowledge towers over visual
data: function spaces
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Hierarchical Bases for a Function Space

\/ /\/\ /\/\/\ —
Lap\ace-Beltrami global support

. > W . 1
" T . e- " “




Functional Maps

Cr: L*(M) — L*(N)
f =  foll

A contravariant functor

84



Starting from a Regular Map ¢

¢: lion - cat .



A Contravariant Functor

from cat to lion

SRS
-5.27703 490144

6.41637

F q0.50

-3.19067

F40.00

-0.50

-1.00

Functions on cat are transferred to lion using T T¢ is a linear operator (matrix)

Ty : L*(cat) — L*(lion) ”



Compact Encoding of Maps as Matrices

catX —=> cat0 functional map errors

0.1 T

= = = cat2 weighted LB
0.09H cat2 unweighted LB
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Changes to Measure and Metric under a Map
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Distortion

Area distortion Conformal distortion 88



Shape Differences are a Change Recipe

A recipe encoded as a matrix:

Area distortion
Conformal distortion

Distortion

>

1.00

40.00

0.50

-1.00

A novel type of latent
space representation for
3D data

Under some conditions,
lossless
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The Space of Shapes
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Horizontal Map Networks
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Unsupervised Structure Extraction

ST eeoe ¥, ﬁe?/)ﬂ_;

[Q. Huang, F. Wang, L. Guibas, "14]
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MSRC: 5 images per class are shown

——
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The Network is the Abstraction




Mosaicking or SLAM at the Level of Functions

http://www.cs.cmu.edu/afs/cs.cmu.edu/academic/class/15463-f08/www/proj4/www/gme/

i
-

T
TR

97
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Joint Learning and Information Aggregation

* Need to aggregate information:
 over different data sets

» over different modalities (geometry,
appearance, language)

e over space and time

» over different representations
 over different predictions
 over different tasks

in settings where the above refer to
same entities in the world —and are
thus correlated
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Visual Data Repositories
for Storing Semantic Knowledge




ImageNet and ShapeNet

+ Explain how big visual datasets including ImageNet and ShapeNet are
organized
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Semantic Networks

+ Also known as frame networks
+ Encode semantic relations between concepts
+ Often used as a form of knowledge representation

+ A directed or undirected graph consisting of vertices, which
represent concepts, and edges which represent concept
relations

is-an
>
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Example of a Semantic Net

Semantic Net in Lisp

(defun *database* ()
"{{canary (1s-a bilrd)
(color yellow)
(size small))
(penguln (1s-a bird)
(movement swim))
(bird ([is-a wvertebrate)
(has-part wings)
(reproduction egg-laying))))

Graph representation

s

Vartebra Cat = Fur
has is 3 has
. is an 158
Animal = Mammal = Bear
5
15 an
Whale

i ¥ I H
Fish lives in Water Aln
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Google Knowledge Graph

LA JOCONDE
A WASHINGTON

DA VINCI

ui pa1e20] s!

contains

pauSIA sey

contained-by

is a friend of

Jan 11984

education

\ educatio

contained-by
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What 1s WordNet?

Organizes over EStab.hSheS
150,000 words Ont0108}cal and
into 117,000 lexical
categories relationships in
_ called synsets. NLP andkrelated
Miller, et al tasks.
1990] cited
over 5,000

times
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WordNet

+ a lexical database of English
# words -> synonym sets (synsets)

dog, domestic dog, Canis familiaris
=> ganine, canid
=> carnivore
=> placental, placental mammal, eutherian, eutherian mammal
=> mammal
=» vyvertebrate, craniate
=> chordate

=> animal, animate being, beast, brute, creature, fauna
=} [ I

G. A. Miller, R. Beckwith, C. D. Fellbaum, D. Gross, K. Miller. 1990.
WordNet: An online lexical database. Int. J. Lexicograph. 105



WordNet

+ Important relations between synsets (nouns):

Relation Definition Example
Hypernym | From concepts to superordinates | water' —liquid
Hyponym | From concepts to subtypes water! —sseawater
Has-Part From groups to their members water! — oxygen
Part-of From members to their groups water! —ice
Antonym | Opposites leader—follower
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Taxonomy: is-a Relationship

objact
artifact
inﬁtmmé.l-':ltalil‘j' E;-I.‘.tif-:lE!
conveyance, transport x-.;-au.e
vahicle tahla ware
wheealed vehicle cuthery, ;;Ung utensil
aumrrrc_:ti\rfg.-;;mr ;I;'E-!_ bicycle fﬂrk

car, auto, ... truck
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Partonomy: has-a Relationship

P 5 inoear, guly etcmcbe s, mrolovus o sk velnce el B wleeh | il propelied b s siernal combuibon mmme ) “he e g cdr Jo el 1o woed

® 1| accebrator, accelrabor pedal gas pedal, gw, drotls, 3m (a pedal that comwoh e drotle vabw) "l sepped an the pas
#® 5 in| s bag (2 ety pestrmsi B o ssomchle e bag sifley on collos sed provesh e deo o pasmge o bong rows fore e
L Rl A e Ceisory for an mloassbes )
- s e e (e g AT progels p pEoEede
LD mmcresbide hom, cm bom mone bom hors, hooter (3 deace o seomchle for malceg 3 warsrg nose
® 5 in bolfer, emder (8 conlen- ke device thal reduce shock dar 1o &b sEpact)
® 5 in) bamps (8 oechee d devae comietiy of bais @ oty ond of i veliade 1o abeath abock and pievel s desugs
.3 ol ooy (e dowdw of & o
Ly N amroy (8 mevow et the drver of a Car can wse)
.
.=
*3 i s (8 baewier Ot surrounsds the wheck of o velacle 1o biock spleding water or mud) " B thay coll o fomaler 0 wing ™
L fEl b gen, b (e oweit foreind gaa 130 0 O frar Dot of & Sotin velacle, W54 W EAIT & (8 E0VIR]
5 1 (e flocr of an mdcencbile |
& 5 in mEEs, pritos raeEy | reema) combssnce regee tat bom packes most sstomobdes & derom b zascloe s
& % oinl govs comparned (comper teen on e dashbosd of 8 cor
* % i) mille. cadn mille (protng et admits cooling o o o'y sadiasor )
L wih pror hagh (o forward pear wrh & e reto e proes e reme velich veiooy for 3 guen sapee spsad)
® 5 6l hood bossel cowl couing (PIOWSIYY COAWRERE Coneiteg of 3 Teetal part faad coven e engRe | ke v powetal ane r the boodk of mee
cavelop in oraler fo repar tie pland s e &m”
* 5 in ner cmpatmend. mivmeclsk bmk. Hud (compartaenl 0 etooobde tal cares lngpage or shopypaeg or tooki) Thee paf fud golf dog e frusd
LR o wndow tum alloras veson owt of the hack of the card
. ¥ e gears b whach e moten of & mackie can he reoenied) -« Conden
® % injee svermg on top of 3 mestey vebucle s m
® 5 i) vl boad (& sanow footboad sarvesg i & siep beneah e doon of womse obd can
L dabaliey B, gl 4% 00 D (@ ngad metal bar Betvcen Bhe Gonl susgeriiacts and betv oo e f6l Sbipoaieta of Car and Eacks. serves 1o abdee the of 'lmﬂm u m
L ot sushee foof | autcenobede 100f aving & dkdeg of resable paiell T sanph e coal” 2 a Bk revw for suaof” "
® 5 ini ol i, ol i (oo of & pomr of decorsnioss propecing shove the e frrnders of an mEomobde) md‘.br’
& 5 o) ded pow | thed (e dwd fum the owest forvmd reto pew B the praw boa, of & moloe velacle) "vos shosidn't my 1o 210y 10 o
® 5 oon) semdew (o wenpeenl openay o8 velecle that allow viidos cul of the ades o back wnalh & capalie o by opemed)
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IMAGENET is a knowledge ontology

* Taxonomy (with WordNet backbone)

LIS BTN RREN CEE o We i EI™E
B 4% WEP Zar PEu ML AW AT
BEYE Pl R QM WS - SR FaEiE

mammal —— placental —— carnivore canine ——-workingdog —— husky

* 5:(n) Eslomo dog, busky (breed of heavy-coated Arctic sled dog)
o gdirect lvpermm { inherited lvpermym | sister term
* & (n) working dog (any of several breeds of wsnally large powerful dogs bred to work as draft ansmals and guard and guide dogs)
* 5 (n) dog, domestic dog, Canis famsians (a member of the genus Cans (probably descended from the common wolf) that has been domesticated by man since prehistonic times, ocours in many
breads) "the dog barked olf right”
® 5 (n) canine, carmd (any of various Bisiped mammals with norretractile claws and typically long muzrles)
® 5 (n) carnivore (a terrestrial or aquatic flech-eatng masvemal) “rerresirial earrivores have four ar five clowed digits on sach limb ™
® & (n) placental placentsl maseal, sotherian, eothesian manunal (mamemals having a placesta; all marmemals sxcept monotremes and marsupdals)
* 5 (n) mammal, mammalian (amy wanm-blooded vertebrate having the skin more or bess covered with hair; young are born ale except for the small subclass of
monctremes and nourished with milk)
* 5 (n) vericbrate, crangate (ammals having a bony or cartlaginous skeleton with a segmented spinal column and a large brain enclosed in a skull or crannam)
* 5 (n) chordate (any animal of the phylam Chordata having a notochord or spinal cohzmn)
# 5 (n) armmal, animate being, beast, brute, creahme, fiuma (a bving crganssm characterized by vohntary movement)
® 5 (n) organism being (a bving thing that has (or can develop) the abdity to act or fimetion Ddependently’)
® 5 (n) ving thing, snimate thing (a iving (or once bving) entity)
® 5 (n) whole, unit (an assemblage of parts that is regarded as a single entity) “how big 5 that paet compared fo the
whale? ' "the feam is a wwmit™
. i (i) obpect, physical object {a tangible and visible emtity; an enbity that can cast a shadow) “if was full of rackess,
. . . . . balls and other objects"
Slide Credit: Li Fei-Fei ® 5 (0 ehsical ate (an oty tha s pysical cistence) T I T 109
® 5 i(n) entity (that which is percetved or knovwn or mfered to have s own distinet existence (ving or
nonlving))




ShapeNet (>3M Models)

chair

Q  Options

a seat for one person, with a support for the back; 'he put his coat over the back of the chair and sat down'

mageNet MetaData

Choose a taxonomy:

ShapeNetCore v

- airplane.aeroplane.plane(12.4501)

------ aquarium_fish tank. marine museum(0.4)

------ ashcan.trash can.garbage can,wastebin.ash bi
:--bag traveling bag.travelling bag.grip,suitcase(1
- basket.handbasket(2,140)

------ bathtub, bathing tub,bath,tub(0,932)
~bed(13,353)

“..bench(5,1953)

------ birdhouse(0,79)

------ boat{12,1635)

------ bookshelf(0,495)

bottle(6.550)

bowl(1.234)
‘bus.autobus,coach,charabanc,double-decker
-cabinet(9,1644)

-camera,photographic camera(4,134)

can.tin.tin can(2,108)

cap(4.,81)

-car,auto,automobile,machine, motorcar( 18,244
cellular telephone,cellular phone, cellphone,cell
chair(23,7083)

3

@A |

Synset models

Displaying 1 to 40 of 7080
n23456?891011 12((13] .. [177||=

A ERL I

cantilever
club chair chair armchair  straight chair straight chair  club chair deck chair rex chair
) : . . ) i butterfly i ) !
straight chair  club chair club chair  swivel chair chair armchair armchair club chair

. cantilever ! i : . . . . - . .
recliner chair swivel chair  swivel chair armchair  folding chair rocking chair  club chair
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Object Knowledge

Parts, symmetries, keywords, physical properties, materials, affordances, ...

Link to WordNet Taxonomy AIignment+Symmetry Part Hierarchy Part Correspondences

rllmageNe‘tﬁ] r Swivel chair MBackrest’

I Dim: 50 x 45 x 5 cm
Material: foam, fabric
Mass: 5 Kg
Function: support
B
Sea1/
Q/
ﬂ:. .=|I
Base

W - / Wheel

1K &

r WordNet synset i

Swivel chair: a chair that swivels

on its base

Hypernyms: chair > seat > furniture > ...
Part meronyms: backrest, seat, base
|]='Sisler terms: armchair, barber chair, .. .=[| |]=. .="
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Object Interaction Knowledge

Vector Field to Histograms

AL <[ <[<] 4] 4] 4]
. l-Il e g

Vector Field v;
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The Principals

Leonidas (Leo) Guibas (CS & EE)
* |Instructor

e Davis Rempe (CS)
* Course Assistant

e Despoina Paschalidou (CS) \;V
N

* Course Assistant

( 4 )

Doina

Carrie Petersen (CS)
* Admin

Carrie
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CS233 / CME 251 Class Schedule

Monday

March 28

Introduction; Geometric and topological
perspective on data analysis; Data
representations; Learning on point clouds
and graphs; Joint data analysis.

Lecture Slides:

Reading:

April 4
Visual data sets: ImageNet and ShapeNet;
Techniques for annotation and annotation
transport.

Lecture Slides:

Reading:

April 11

Graph methods; spectral approaches, graph
Laplacians, Laplacian embeddings, spectral
clustering.

Lecture Slides:

Reading:
April 18

Computational topology: topology review,
complexes, homology groups.

Lecture Slides:

Reading:

Wednesday

March 30

Linear algebraic techniques: principal
components analysis (PCA), Kernel PCA.

Lecture Slides:

Reading:

April 6
Linear algebraic techniques: canonical

correlation analysis (CCA). Multidimensional
scaling (MDS).

Lecture Slides:
Reading:

Homework 1 out.

April 13

Non-linear dimensionality reduction: locally
linear embeddings, Laplacian eignemaps,
lsomap, t-SNE.

Lecture Slides:

Reading:
April 20

Persistent homology, barcodes and
persistence diagrams.

Lecture Slides:

Reading:

Homework 1 due. Homework 2 out.

Monday

April 25

Topological inference; the Mapper
algorithm. Applications.

Lecture Slides:

Reading:

Geometry processing; Laplace-Beltrami and
other operators on meshes.

Lecture Slides:

Reading:

Class Midterm

May 16

Deep nets for pointclouds and applications
to classification and segmentation.

Lecture Slides: Pointnets

Reading:

Wednesday

April 27

Representations of 3D Geometry: Voxel-
Grids, Point Clouds, Meshes and Other
Boundary Models, Sclid Models.

Lecture Slides:

Reading:

Rigid and non-rigid shape alignment.
Global and local shape descriptors; intrinsic
descriptors, heat and wave kernel
signatures.

Lecture Slides:
Reading:

Homework 2 due. Homework 3 out.

Geometric deep learning; Volumetric and
mesh CNNs for 3D geometry

Lecture Slides:

Reading:

May 18

Functional spaces and functional maps,
variations; map visualization.

Lecture Slides:

Reading:

Homework 3 due. Homework 4 out.
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CS233 / CME 251 Class Schedule

Monday Wednesday

Networks of shapes and images; cycle
consistency; map processing and latent
spaces.

Lecture Slides:

Reading:

Memorial day holiday -- no class

Encoding shape differences and shape
variability.

Lecture Slides:

Reading:

Class summary.
Lecture Slides:

Reading:

Homework 4 due.
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Class Mechanics

* Two weekly lectures
* Online and after class office hours

e Class web site http://cs233.stanford.edu

http://graphics.stanford.edu/courses/cs233-22-spring

e Use Piazza (discussion group), Gradescope (for homework
submissions)

118
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Course Work: Assignments

* Assignment 1: Principal Components Analysis (PCA) and Canonical
Correlation analysis (CCA)

* Assignment 2: Computational Topology - Simplicial Complexes,
Homology, Persistence, Mapper Algorithm

e Assignment 3: Geometry Correspondences, Shape Matching, Multi-
way Alignments

* Assignment 4: Deep Learning with 3D Point-Clouds
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* Four assignments
* modest programming in MATLAB/Python for three, one in JavaPlex
e working in groups OK, up to three students
* Use Google Cloud for Education coupons for deep net training

* A midterm
 Class participation
* No final

 Special consideration for those taking the course credit / no credit
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CS233 Key Course Goals

* Cover basic tools for geometric and topological data analysis, both
supervised and unsupervised

e Discuss mathematical ways, based on geometry and topology, to
encode and transfer knowledge about the data

* Introduce methods for joint data analysis and joint machine learning
— benefiting from the “wisdom of the collection”

* Challenge: a diversity of tools ... LA, ML, Stat, optimization, geometry
processing, computer vision, algebraic topology ...
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Data Has Shape




That’s All

FSTOFL ey
1.89

e ——
—
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