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Course website: https://ntu-ev.github.io/
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About Me

Research interests:

Perception | What do we see/hear/touch/sense?

ST

Cognition Action ¥} S,

Tsung-Wei Ke 5= T

What do we want? Push, grasp, release, rotate... 5 fi i
What did we do? Embodied Al Lab

What and how to solve our Extend my arm for 10 cms, bend HIp A T mEy=

problems? my fingers for 180 degree...
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About Me

Research interests: the trio of perception,
cognition and action in the real world

Perception

W/ o
Tsung-Wei Ke fu] 5235

Embodied Al Lab
B ATEETR=

Cognition | € > Action




About TA: Jia-Wei

Jia-Wei Liao EE524&
NTU CSIE PhD Candidate

Research Interests:
 Generative Al Iin Vision
« Mathematical Modeling
« Data Science

Room: CSIE building 505




About TA: Shih-Hsin

Shih-Hsin Fang A AR
NTU CSIE MS
Research Interest:
 Robotics

« Reinforcement learning

Room: CSIE building 544




About TA: Hung-Kai

Hung-Kai Chung $& P8l
NTU EE MS

Research Interest:

« Video /Image generation

« Vision language action mode]

Room: MK-514




About TA: Po-Yi

Po-Yi Wu =85k
NTU CSIE Undergraduate

Research Interest:

« Robotic Learning

« Real-World Robotics

« Physics-Informed Training

Room: CSIE building 544




About TA: Hsin-Wei

Hsin-Wei Chen BRI &
NTU CSIE Undergraduate

Research Interest:

« reinforcement learning

* human motion generation
« fluid simulations

Room: CSIE building 544




About This Class

Covered in Robot Perception
and Learning

Perception

Cognition

Covered in Embodied Vision!

Action
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Administrivia



Fnrollment

« |am not enrolled but I would like to enroll in this class. What should | do?
> If youTe interested in enrolling, please fill out and submit this form. We'll send
you the registration id.

https://forms.gle/ZS64KrgjmoelzxK67

« | am interested in embodied Al / Vision research but | am not enrolled in this class.
What should | do?
» We'll release the slides and learning resources online.
» Email me/TAs or come to my office hours. We're happy to chat!

« I'm not yet sure if this course is for me...
» Hopefully, this lecture can help you decide
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https://forms.gle/ZS64KrqJmoeLzxK67

Prerequisite Knowledge

« Students should have a solid understanding of the following areas:

1.

W

Uk

Machine learning: stochastic gradient descent, loss function, optimization,
neural network

Calculus: differential, integral

Linear algebra: matrices, vectors, norms, scalar/vector products, orthogonality,
singular value decomposition...

Probability: expectation, independence, Baye's Theorem...

Linux system: setting up the required environment, being familiar with bash
Scripts

Python programming: creating python projects, importing required packages,
visualizing your results

Pytorch programming: creating NNs, setting up training & evaluation pipeline
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Prerequisite Hardware

Grading in this course heavily depends on the coding assignments and final project.
You should prepare for your own Linux machine with GPUs for the assignments
and the final project. Otherwise, you can try cloud platforms for the access of GPUSs.

Common cloud platforms include:
» Colab

» Runpod

» Google Cloud

» Amazon AWS
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Course Objectives

The goal of this class is to guide you through “what are the essential components
for embodied perception” that facilitates various downstream tasks, such as VR, AR
and robotics. Going through each component thoroughly is not our goal.

Upon completion of the course students should know:
» How to model the world in 4D
» How to model the world physically and dynamically
» How to incorporate multi-sensory inputs

» What are the essential components in action-centric perception

Upon completion of the course students should be able to:
» Write down the formulation of physic simulation
» Implement a physic- and action-aware visual system

15



Fvaluation

« Assignments: 30%
» 3 assignments, 10% each
» Individual submissions

» Throughout the whole semester, students should submit their assignments before the deadline.
The score of the assignment will be multiplied by 0.9 for each additional day of delay. No grace
day is granted. The submission deadline is based on Taiwan's time zone.

 Final Projects: 70%
> Teams of 3-4 members

» Project proposal presentation (10%), two in-person meeting with TW (2 * 10%), and poster
session (40%)

> In-person participation of these presentations are required
» Poster presentation will be graded by the instructor, TA and students

1 1 N 1 1
score = scores, +——— scorer, i + Z score;
N +2 WOUN + 24 TAL N + 2 |Students| :

[EStudents
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Policy for Assignments

« You are encouraged to discuss with others, but do not share your codes with them!
If you wrote the same code as others, you may waive the penalty by refactoring
your code in-person within limited time, or otherwise, you'll get 15% total grade

penalty (for each assignment).
« Please list your collaborator in the appendix of each assignment
« You are allowed to use Als at your own risk. You are responsible for refactoring the

code snippets generated by Als. You'll get the penalty as long as your submitted
codes are the same as others.
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Policy for the Final Project

You can form a team of 3-4 members. If you really want to work alone, come and
chat with us.

Project proposal presentation: You will prepare for a 5-minute oral presentation,
describing the topic, experimental setup, todos and expected contribution of each
member for the final project.

Two in-person meeting with TW: You will discuss with me about your progress and
the current challenges. | may be able to provide some help!

You will prepare a poster to present your final project, describing the overall ideas,

methodology and results. Performance and experimental results are not the key to
attract attention! Tell a good story to impress your audience.
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Tentative Schedule

Date Course Announcements Student Presentation
2/23 Introduction
3/2 2D Image Formation
3/9 3D Representations
3/16 3D Scene Reconstruction
3/23 Visual Modeling in Time HW1 Release
3/30 Generative Modeling
4/13 Rigid Body Motion, Articulated Object HW1 due
Modeling, Articulated Object Generation
4/20 | Time Integration, Particle-based System, | Deadline of Course Withdraw Final Project Proposal
Position-Based Dynamics, Mass-Spring HW?2 Release
System in 3D

4/27 | The Finite Element Method, Rigid-Body
Modeling, Contact Modeling

5/4 Material Point Method, Learning to
Model Physics (Neural ODE, Lagrangian
Network)
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Tentative Schedule

Date Course Announcements Student Presentation
5/11 | Learning to Model Physics (PINN, Neural HW3 Release Meet with TW on 5/13
Operator, Fourier Neural Operator), HW2 due

Interactive Simulation

5/18 | Multi-sensory Perception (Guest lecture)

5/25 SLAM, Perceptive Action Decision

6/1 Visual language model for embodied HW3 due Meet with TW on 6/3
perception

6/8

6/15 Final Project Poster
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Policy for the Final Project

 If you don't know what to work on, come join the office hours,
we're happy to chat with you

Date Announcements

« Think big and own your final project! Don't just consider it as one

420 Final project . _ _ . _
proposal of the assignments in a class. If you do it well, the final project
Poster session could end up an awesome paper in a top-tier conference.
6/15

(9am-12pm)

 |If you want more advice on your final project, come join the office
hours or email or message us to arrange for meetings
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Policy for course withdrawal

Date

Announcements

4/20

Deadline of Course
Withdrawal

Please be aware of the course withdrawal deadline!

Any application of course withdrawal after 4/20 will not be accepted!
Please be responsible for your teammates. Piggybackers will be
penalized.

[f most of your teammates withdraw, you'd have two options:
1. Keep working alone. We know it'll be tough, but you'll enjoy at
the end of the day.
2. Team up with others. We'll help you to join other teams.

22



Policy for in-person meeting with me

Date Announcements
5/13 Chat with me
6/3 Chat with me

We offer two in-person meetings to chat with Tsung-Wei about your
final project (or anything else). Wed like to provide more guidance
on your final project.

Tell me about the issues / challenges of your final project. | may be
helpful to address them.

We will provide multiple time slots on these two days. First come,
first served.
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Communication

Lecture:
> Please don't hesitate to raise questions if you have any, | may not know the answers
but I'll try my best

Office hours:
» Great opportunity to discuss project/research idea, confusion about the lecture,
debugging issue, or any difficulty you have
» Tsung-Wei's OH: 13:00-14:00 pm every Monday

Email:
» Tsung-Wei's email: twke@csie.ntu.edu.tw
» TAs email: ntu-ev-2026@googlegroups.com

NTU COOL:
» Feel free to post if you have any problem/issue. The whole community will try to
help you.

24
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Disclaimer — New(ish) and Evolving Course

* I'm also learning these contents with you, and there will likely be bugs in material
and lecture. Apology in advance! Please don't hesitate to point them out.

« Many contents are borrowed/adapted from other professors' lecture.

« Some math equations / notations might be wrong and confusing. Just point them
out if you are confused.
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Questions?
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Why do we need this class?
s this class different from Computer Vision?




he Goal of Computer Vision is to Enable
Machines to See the World

To see

“What does it mean, to see? The Vl S ‘ O N

plain man's answer (and
Aristotle's, t00). would be, to
know what is where by looking.”

To discover from images what is
present in the world, where things
are, what actions are taking place, David Marr
to predict and anticipate events In
the world.
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What Does It Mean to See the World...

"l stand at the window and see a house, trees, sky. Theoretically | might say there
were 327 brightnesses and nuances of colour. Do | have "327"? No. | have sky,
house, and trees.”

— Max Wertheimer, 1923
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What Does It Mean to See the World...

To see

“What does it mean, to see? The
plain man's answer (and
Aristotle's, too). would be, to
know what is where by looking.”

To discover from images|what|is
present in the world, where] things
are, what actions are taking place,
to predict and anticipate events in
the world.
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Seeing the World Has Three Aspects

...asS measurement

Goals: Objective (depth,
distance, etc)

Represented by: meters,
angles, 3D meshes, etc.

Related fields: mathematics,
optics, physics, etc.

sittable

pillow

remote

table

...as understanding

Goals: Subjective (objects, - as gene.ratic.m |
parts, affordances) Goals: Objective (inpainting,

g ics. "
Represented by: words, human ynamics, genera .|on)
: Represented by: pixels, D
annotations, etc.

_ . meshes, 3D point clouds, etc
Related fields: statistics,

learning, psychology,
epistomology, etc.
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The Entire Research Field Starts in 1966 as an One-week
Summer Project...

MASSACHUSETTS INSTITUTE OF TECHNOLOGY
PROJECT MAC

Artificial Intelligence Group July 7, 1966
Vision Memo. No. 100,

THE SUMMER VISION PROJECT

Seymour Papert

The summer vision project is an attempt to use our summer workers
effectively in the construction of a significant part of a visual system.
The particular task was chosen part{! because it can be segmented into
gub~problems which will allow individuals to work independently and yet
participate in the construction of a system complex enough to be a real

landmark in the development of "“pattern recognition'l.

32 Slide credit P. Isola



Vision is Hard...

What human see What machines get

33
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Challenges: Many Nuisance Parameters

Occlusions Intra-class Viewpoint
appearance

34



Challenges: Intra-Class Variation
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Challenges: Ambiguity in Inverse Graphics (2D-to-3D)

Depth ambiguity from single-view images

Image credit A. Efros and L Lazebnik

Structure ambiguity from single-view images
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Figure 1. (a) A line drawing provides information only about the x, y coordinates of points lying
along the object contours. (b) The human visual system is usually able to reconstruct an object in
three aimensions given only a single 2D projection (c) Any planar line-drawing is geometrically
consistent with infinitely many 3D structures.
Sinha & Adelson 93
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A Generic Formulation of Computer Vision Models

179 211 214| 209| 201 187] 192| 212] 221 231

197| 225| 223| 210| 159 147| 182| 209| 219| 235

215| 230( 228|183 103| 105 170 206| 221| 233

232\ 238( 230( 155 89| 169|173 209| 226| 231

[G[E[F]s]%

240| 245( 224|133 | 109| 198| 200( 202 229| 232

feature + classifier > | abels

234) 244| 218|122 66| 80( 109|187 229( 230

218] 243| 209| 124| 62| 133| 82183 227 224

200| 241( 207|124 58| 55| B8[172| 211|215

blnlmlwlu‘mlg‘m‘m
G | B |0 | 8| e | © G| S

= | e | ©
= o

182| 237| 212|148 | 100] 141] 149| 190 208| 210

i

170| 225 213| 163 | 148| 188| 221| 196 206| 210|__|

All we need is a better feature
extractor and classifier

Histogesin or Qriantan Sradiants Scale-invariant Feature Transform

Keypoint descriptor

lllll
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Things were Not Working Before 2012...

38 Slide credit B. Freeman and P, Isola



Shouldnt CNN Work? In Fact, the Idea was Introduced 40
Years Ago, but It didn't Work....

Neocognitron proposed by K. Fukushima (1980) Lenet proposed by Y. Lecun (1998)
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't Turns Out Data is the Key

B e et s s v e e e P
e B B R B o]
179( 211| 214|209 | 201 187 192 212] 221| 231 %0
197| 225( 223| 210 159| 147|182 209( 219| 235 i;
215( 230| 228 183 | 103( 105)| 170 206| 221 233 E;
232 238| 230| 155| 89| 169| 173| 209| 226 231 i;
240( 245 224| 133| 109( 198 200| 202| 229| 232 E;
234 244| 218( 122 | e6( 80| 109( 187|229 230 i;
218| 243( 209|124 62| 133| 82183 227| 224 E;
200( 247| 207|124 58| 55| 88| 172| 211|215 EZ
182 237| 212|148 | 100 141 149| 190] 208| 210 EZ
170( 225| 213|163 | 148| 188( 221| 196| 206| 210 i_

30%
25%
20%
15%
10%

5%

0%

1,000,000 images with 1,000,000 labels

ImageNet Large Scale Visual Recognition Challenge. Russakovsky et al. 40

Top-5 error

> Labels

2010 2011
NEC-UIUC XRCE

2012
AlexNet

2013 2014

ZFNet GooglLeNet

VGGNet

Human 2015 2016 2017
ResNet GooglLeNet
-v4

nttps://viso.ai/deep-learning/imagenet/



Computer Vision is Solved with the “Data is All You Need”
Paradigm

Dataset examples

41



Computer Vision is Solved with the “Data is All You Need”
Paradigm

42 Segment Anything Model. Kirilov et al.



Computer Vision is Solved with the “Data is All You Need”
Paradigm

43 SAM 2: Segment Anything in Images and Videos. Ravi et al.



Computer Vision is Solved with the “Data is All You Need”
Paradigm
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Computer Vision is Solved with the “Data is All You Need”
Paradigm

RGB Input

&
B |

Per-frame
estimation

MPIl Human Pose Dataset

45  Humans in 4D: Reconstructing and Tracking Humans with Transformers. Goel et al.



omputer Vision is Solved with the “Data is All You Need”
Paradigm

Backend url

hitps //splunk cute cat ®
Index

laion_400m_128G v

[«

Clip retrieval works by .
converting the text query i " i
to a CLIP embedding V& B
then using that - o
embedding to query a ] L= ]
knn index of clip image Flufy K Best Cute Kitten o -
g uffy Kitten does not Wallpaper No 5
embedddings know what to do ~

5D Diamond Painting
White Cat with Blue

Criadero especializado
en British Shorthair

Display captions

gxspla\ full captions Eves Kit

isplay similarities 1

Safe mode cutestofthecute: (via) Cute White Cat Hd cute little kittie... -)

Hide duplicate urls

Search over [image v oo .
) .- L -

This UL may contain .

results with nudity and is - ou e > /

best used by adults. The Gorgeous Himalayan Fluffy Orange Kitten ~ Cute cat wallpaper = i

e :;"d" thees Persian Kittens L }‘ o Bioe Byes| Too This Munchkin Kitten B Sucopy, Exotic

pussilnision o This Munchkin § 0opy, Exotic

- Will Melt Your Heart W shorthair

Aise you saaing néut ‘1 With Cut This Cat Has the Most

duplicates ? KNN search Beautiful Eyes - We

are good at spotting Love Cat

those, especially so in
large datasets

Cats are one of the few
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Computer Vision is Solved with the “Data is All You Need”
Paradigm

Dataset Explore Download Workshop  About
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-
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Performance art (203343)] [Car
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Smartphone (64884)

[Trailer (59695)] [Toy (58720)] [Minecratt (57801)]
)i 51 [ )

Motorcycle (54950)| | Dish (54730)|
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Google Googe About Google Privacy Terns  Feadback

Videos on the Internet

i, - 4

SORA by OpenAl
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Computer Vision is Solved with the “Data is All You Need”
Paradigm

Objaverse-XL

SV3D: Novel Multi-view Synthesis and 3D Generation from a Single Image using
48 Latent Video Diffusion. Voleti et al. ECCV 2024



't Seems that We Have Solved the Computer Vision Task

This image features a small Chihuahua
dog lounging on a bright pink couch. The
dog is wearing a soft pink bathrobe and
oversized pink sunglasses, giving it a
relaxed and stylish look. It is holding a
remote control in one paw and has a bowl
of popcorn in front of it, as if getting ready
for a cozy movie night. The dog's relaxed
posture and accessories make the scene
humorous and adorable.

49



L et's Take a Closer Look at the Tasks We've Solved

Per-frame
estimation

N
[ 4

|

This image features a small Chihuahua
dog lounging on a bright pink couch. The
dog is wearing a soft pink bathrobe and
oversized pink sunglasses, giving it a
relaxed and stylish look. It is holding a
remote control in one paw and has a
bowl of popcorn in front of it, as if
getting ready for a cozy movie night.
The dog's relaxed posture and accessories
make the scene humorous and adorable.




Vision is Over-Simplified: Passively Parsing the
Information Received from the World

Passive labeling

Tiger

‘[_,
fow
q :':‘:l

Observations o444

IBCE Y ‘ \
- Observations o

y

@
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Humans are Embodied Agents: We Act, We

Percelve a

nd We Predict

7T9(at|0t)

s; — state
0; — observation mg(at|o¢) — policy

a; — action mo(az|s¢) — policy (fully observed)

Observations 0444

‘ Observations oy \
i ‘ A A \
\\ Action a;
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An Example of a Passive Generative Model

215] 230| 228| 183| 103| 105( 170 206| 221 233

232| 238( 230{ 155| 89| 169|173 209 226| 231

Vid g ti
240| 245| 224/ 133| 109| 198| 200| 202| 229 232 {75
234| 244| 218| 122| 66| 80| 109|187 229| 23072 r ' lOd el
a5 |

218| 243( 209|124 62| 133| 82 183|227| 22455

\ 4

200( 241( 207|124 58| 55| BB[172]211| 215 —49

182( 237| 212|148 | 100 141 149( 190| 208| 210|—{45

170| 225 213| 163 | 148| 188| 221| 196 206| 210|__|
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An Example of an Embodied Generative Model

Laws of Physics
Environmental parameters
Object shape ,
Object 3D location (4D motion): 04, 0, ..., 071 *
Object physical properties

!

Video generative
model

T

Action: a4, a,, ...,ar_q, ar
3D Location (4D motion): Iy, L5, ..., Iy
Shape
Physical properties

232| 238( 230( 155| 89| 169|173 209| 226 231

182 237| 212|148 | 100 141 149| 190| 208| 210

[=] =N w | o»

ST 1= 515 =TS

HEHEIEEIEIEE L ER RN

[elels]w]alalel[s]s]s
HEEIEE RN
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An Example of an Embodied Generative Model

4D
Motion
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What are the Essential Components in Embodied Vision?
Reconstructing 3D Models from 2D Visual Observations

il L LW LI
L1 P
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2D Image Formation from the 3D World

A simplified model of photometric

image formation
light

Source

image plane

Pinhole camera mode|

57



3D Model Reconstruction from 2D Images

Image source M. Hebert Image source https://3dvision.princeton.edu/courses/SFMedu/
Image credit S. Tulsiani
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https://3dvision.princeton.edu/courses/SFMedu/

3D Model Reconstruction from 2D Images

Building Rome in a Day. Agarwal et al.



Representations of 3D Models

Depth map Pointcloud Parametric Surface

Signed Distance

Voxels CLunction NERF 3D Gau;suan Tetrahedral Mesh
- Splatting
(2 spho o
(@) SDF.<0 ‘ .\‘\‘\
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An Example of an Embodied Generative Model

4D
Motion

61



Representations of Motion

3D Particle Motion 3D Rigid Body Motion

Video source SpatialTracker

Tetrahedral Mesh Deformation 3D Gaussian Splatting Motion

| &

https://youtu.be/hVf2RTzv2007si=LE Video source EmbodiedGS
gN33vach12mavZ_



An Example of an Embodied Generative Model




We are Embodied Agents and Physics Matter

Real physics Fake physics
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We are Embodied Agents and Physics Matter
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We are Embodied Agents and Physics Matter
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How to Get Physics Involved?
An Easy Case: Rigid Body Dynamics

q'(t) = [t'(t), R*(¢), v (¢), w'(t)]

d d -t((t ))- | ( )V(t)R( )
R(t w(t) X R(t
a4 =g vy | = (0]
w@)] IO - w(t) x Iw(t)).

a(t) = a0)+ [ a0t =a(0)+ 3 Gabl-v A



How to Get Physics Involved?
An Easy Case: Rigid Body Dynamics

DON'T MISS IT!

PERFECT VIDEO
TO CHILL YOUR
DAY @
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How to Get Physics Involved?
A Harder Case: Deformable Object / Fluid Dynamics




Physical Modeling with Position Based Dynamics
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Continuum Mechanics

Deformed
Configuration, t = ¢

K(B)

B —

Undeformed e
Configuration, t = 0 ~_/
KO( fB) Path line -~ =

3

u(X)=U(x)

71

D
ap(x,t) +p(x,t)V*-v(x,t) =0 Conservation of mass,

Dv
p(x, t)ﬁ =V*-0+p(x,t)g Conservation of momentum,

Weak form of force balance:

qitids(x) —J

oQt Q

|,J qi_(X, t)p(x, t)ai(xrt)dx = J qi’kO'-]_kdX]
ot t




Physical Modeling with Material Point Methoo

—— T S S N S ST
— .'—.——\. S R A
7 I B I A N N
: nodal solution :
‘ = L R A .
* L
.
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How to Get Physics Involved?
A Much Harder Case: Contact Modeling




Physical Modeling with Incremental Contact Modeling

74 Codimensional Incremental Potential Contact. Li et al



Input Images
+ Camera Info

How to Get Physics Invo
Animate Reconstructed 3D Mode

Optimization

3D Gaussian
Splatting

Anisotropic
Loss Term

4

3D Gaussian -»
Kernel Filling

BB Optional Step

Gaussian Ellipsoids
as Continuum

75

Physics Integration

Kinematics

Gaussian Evolution

Harmonics Transform

Dynamics

Continuum Mechanics

Time Integration

ved?
S with Physics

Physics-grounded
Novel Motion

Multiple-Viewpoint Renderer



How to Get Physics Involved?
Animate Reconstructed 3D Models with Physics

PhysGaussian: Physics-Integrated 3D Gaussians for Generative Dynamics. Xie et al. CVPR 2024 76



How Far We are from Solving Physical Modeling?

Precisely modeling the physical world is one of the core scientific problems.
SOTA simulation is coarse but computationally expensive...

e BV i
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an We Reproduce the Success Driven by Data for
Physical Modeling?
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blackwell/
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https://8020engineering.com/80-20-engineering-events/



Data-driven Framework of Dynamic Modeling

Recipe: (1) collect data, and (2) train neural networks to emulate motion labels

Learned simulator, sg

—
d

0

Ground truth Prediction
GNS

/‘_‘J ‘_—\%———E
(b) ENCODER - oN? PROCESSOR QNM DECODER
X — G° H—-G' - GV [ é GM — 4
(c) Construct graph 40 (d) Pass messages (e)  Extract dynamics info
7

. el /gem. /?e'.".'“ 1 .

‘ ‘ —- 1(;.’ "\l b — /‘.\‘ ",J+1 g ‘ M — b ‘
¢ X; ¢ v; &.'}'<$v;’l ‘{,}'::‘Q'V;n PR v; ¢ ¢ yi

¢ ® ¢ & ¢ ¢ ¥ ¢ ¥—¢ ¢ Y ¢ .
< C L (" C «
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Learning to Simulate Complex Physics with Graph Networks. DeepMind



Issues of Naive Data-driven Approach: Discretized Output

Discretized output

5
4 \ + Problems: Motions are predicted sparsely
at specific time
L 1. Intermediate motions are unknown

e .3 2. Physical accuracy degrades as the
o output sparsity increases
ap !

: |

V=S5 0 5

Input/Hidden/Output
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Continuous Output is Desirea

Discretized output Continuous output
5 5\ | ¥
< 3 e 3N
) o |
. H 2R | !
1 t 1 .
0 0

-5 0 5
Input/Hidden/Output Input/Hidden/Output

-5 0 5
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Issues of Naive Data-driven Approach: Sparse Real-world Data
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Data Buoy Cooperation Panel Platform Operating Countries December 2022
Platforms operational during the month. GTS data as received by Meteo France.
Drifting Buayz e ush n 21 Tropical MB & THAILSND (1)
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|[dea: Supervise with Physics Equations when Data is
Sparsely Available

8" (t) + 266'(t) + w30 (t) =0 } Pendulum equation
0(to) = 6,

3'(17._-,) _ vﬂ]— Initial conditions

NN(t; 0)

Optimization ﬁ Loss function v

Algorithm
g_@} < I k(o) = LP"YS‘CS(U) + Leonas(0) + Lpara(0)

Image source: https://www.mathworks.com/discovery/physics-
informed-neural-networks.html
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|[dea: Supervise with Physics Equations when Data is
Sparsely Available

Ideal mass-spring system Baseline NN Prediction
ENES Constraint:
dq OH dp oM

p = mi

( Noisy observations

‘ ——
J.H—XK;'J_.._'?;_\\

4 L
0.5 ;’.’ rrrrr A

f 4 L | |
P ooqie , | ‘e |l
' L

=0.57 !
.\_\_Kh‘_q_ ""’.-"’.,f'

|

[

'f

_lu,x“\"ﬁr --l-: "".-"",.-f
ra

-------------

& " op’ & dq

Learning loss:

OHye |2 dp OHs
- dp +”dt+ dq

. |ldg
arg;nm H 7




|[dea: Supervise with Physics Equations when Data is
Sparsely Available

—> = flow of data
- -» = in-graph gradient
Bl P O = scalar
———————— L
\

A A (" ) (
Differentiable model [ =24 1 | ] Differentiable model + Differentiable model !

Al

with parameters 6 ! with parameters 6 :

with parameters 6
\ )

! i ! 1 '573?:~:T}};572' 1 A A
EKNEN e e )i laild] 2]

Baseline NN Hamiltonian NN
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|[dea: Supervise with Physics Equations when Data is
Sparsely Available

Ground truth Baseline NN Hamiltonian NN
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Perception Is More Than Image / Video

Perception

B L 4 B
.
D \
Cnpair » | }
-
- - o
hutterstock com - 1529464460
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Physical Perception: Tactile Sensing

era
B
, ir

N

A
%

RGB Camera = 2 RGB Cam

« ®
GelSight Right GelSight Left GelSight Right
Accuracy
Model (mean =+ std. err.)
Chance 62.80% 4 0.85%
Vision (+ action) 73.03% + 0.24%
Tactile (+ action) 79.34% =+ 0.66%
Tactile + Vision (+ action) | 80.28% + 0.68%
38 Tactile + Vision (no action) | 76.43% + 0.42%




Physical Feedback Enables Dexterous and Safe

Manipulation

MSE loss

H I (Pt:t+10' Ft:t+10)

E k+1 Kk+1 .
i Piti20 Fiii20 l\ Primitive
— - ] /o \ielww

\

Interaction wrench | [£, ,] € R®
(raw) (pseudo-robot)

TS COEC)
X K

IK joint position

Tracking pose S
primitive

7 (camera)

RGB-D image Point cloud pk Fk s
(robot-free) (pseudo-robot) l I t:t+20 t:t+20 I I ‘mﬁ_—t < I
l— (a) Data Transfer (b) Policy Learning (c) Robot Execution

ForceMimic: Force-Centric Imitation Learning with Force-Motion Capture System for Contact-
Rich Manipulation. Liu et al.

w\o force
feedback

with force
feedback



Reconstructing the “True” World with Physical Sensing

90

Tactile-Augmented Radiance Fields. Dou et al.



We are Embodied Agents: We Act, We Perceive and We Predict

4D
Motion

X

‘
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Action-centric Perception
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Simultaneous Localization and Mapping

Observation Predicted Map and Pose

Ground Truth

o’
\Y

Learning to Explore using Active Neural SLAM. Chaplot et al. 93



Perceptive Locomotion

A Mixed Terrain

Beam Gap
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Perceptive Manipulation

Features at Query Points Task Embedding
(N @ Demo Embeddings 7
{ = = = = } Z, L i
@ i
= i
= ]
0 sty N
g8
a a :
Example Object . = = =
Feature Field 6 DOF Gripper Pose B

Distilled Feature Fields Enable Few-Shot Language-Guided Manipulation. Shen et al.
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Action Prediction

« Imitation learning by fitting many action-labeled demonstrations
« (Control trajectory optimization it the dynamic rules is known

« Reinforcement learning by trial and error

— We won't cover these approaches, since policy learning is not the focus of this
course. If you are interested, take the course of “Robot Perception and Learning”

or "(Deep) Reinforcement Learning”
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Learning Approaches for Action Prediction

Distill prior knowledge from unlabeled human visual demonstrations

©)

wipe dewnlicounter




Learning Action Prediction from Human Visual
Demonstrations

Human Videos Learned Affordance Model Robot cution

Affordances from Human Videos as a Versatile
Representation for Robotics. Bahl et al. 98



Approaches for Action Prediction

Distill prior knowledge from visual-language models

\

- . .
> @ Gemini

Task: "Open the top drawer"
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Predicting Actions with Visual-Language Models

« Distill prior knowledge from visual-language models

“2Put the orange in the bowl

2x speed

|

(a) Sample Actions (b) Annotate Image

i i i 0
Sample candidate actions from action space A™ Project candidate actions intc image and label

/|
A !
fw 3 T pIvoT - i B
Prompting with
Visual Iterative gcuc)erslvuue.l'\:g\,%l.;?gr best actions

Optimization

(d) Fit Distribution

Fit a selected action distribution Af+!

[}
] i
® Which arrows should the ® Which arrows should the
robot follow to pick up the red robot follow to park between
block? the green and biue blocks?
@ @ Amow: [2,7] @ Arrow: [3, 5]

PIVOT: Iterative Visual Prompting Elicits Actionable
Knowledge for VLMs. Google DeepMind. 100



Remember that Pre-training Visual Encoders Facilitates
Downstream Visual Tasks

VO PPN P IV I IO 9 V998

179( 211| 214| 209 | 201 187 [ 192| 212] 221| 231

197| 225| 223| 210| 159] 147] 182| 209| 219| 235 —

85
215 230( 228| 183| 103| 105 170( 206| 221| 233 |— 84
a3

232| 238( 230|155 89| 169|173 209| 226| 231 |—

SR — s NN+ classifier > Labels

234| 244( 218| 122| 66| 80| 109(187|229| 23072

218| 243( 209| 124| 62| 133| 82 183]227| 22455

200( 241( 207|124 58| 55| 88[172|211| 215 —49

182 237( 212|148 | 100 141 149( 190] 208| 210|—{48

170) 225 213|163 | 148| 188| 221|196 206| 210|__|

1,000,000 images with 1,000,000 labels

101



A Generic Formulation of Action Prediction Models

Loalal Tl 1 | |
I | I T
79| 211| 214/ 209 | 201| 187| 192

> CNN + regressor > Actions

\E\BI“EIU’\CIS’IEI&’ICSIE—

B = wn ~ slelelz]s
@ | © | o ol oe | 8 & =]

Does pre-training the visual encoder facilitate action prediction tasks?
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Representation Learning Facilitates Action Prediction

7 datasets

> &= —
=

Assembled
Dataset

7 methods

Behavior Cloning
Policy training

RealEstate10K Visual Representation

Learning

Where are we in the search for an Artificial Visual

Cortex for Embodied Intelligence? Majumdar et al. NeuRIPS 2023.

103

o

RL Policy training

Evaluation on
Adroit Dexterous

Evaluation on
Habitat ImageNav

il

Evaluation
Results




Representation Learning Facilitates Action Prediction

“Picking up a kettle” ——e : : Stable Diffusion
VAE
U-Net — VAE
MAE Ego4D+MNI (VIT-L) Encoder Decoder

B Baseline

MAE Ego4D+MN (VIT-L) BN Scaling
i

MAE Ego4D+N (VIT-L)
MVP (VIT-L)

MAE Ego4D+MNI (VIT-B)
MAE Ego4D (VIT-L)

R3M (RN-50)

MAE Ego4D+M (VIT-L)
MAE Ego4D+MN (VIT-B)
MAE Ego4D+N (VIT-B)
VIP (RN-50)

MAE Ego4D+M (VIT-B)
MVP (VIT-B)

MAE Ego4D (VIT-B)

CLIP (VIT-B)

Random finetune (VIT-B)
Random (VIT-L)
Random (VIT-B)

0.0 25 50 75 10.0 125 150 175 20.0
Average Rank

Noise
Level

Original Image

Denoised Image

Meta-World Franka Kitchen ImageNav Refer Expression  Grasp Prediction

Overall Representation Comparison

SCR-FT (Ours)

SCR (Qurs)

Where are we in the search for an Artificial Visual
Cortex for Embodied Intelligence? Majumdar et al. NeuRIPS 2023.

0.0 02 0.4 06 0.8 1.0
. . . Average Norm Success
Pre-trained Text-to-Image Diffusion Models

Are Versatile Representation Learners for Control. Gupta et al 104



The Three Components of Embodied Vision

4D Motion Dynamics Action

« Goals: « Goals: « Goals:

» 3D/4D reconstruction » Physical simulation » Learning from human

» 3D/4D generation visual demonstrations

« Represented by: » Knowledge distillation from

« Represented by: » Laws of physics visual language models

> <X, Y, z, pitch, roll, yaw, t> » Learned dynamics: » Representation learning

of rigid bodies f(agentyction, Objmotion» €MVparam) for action prediction
> <X,V z, t> of particles > » Multi-sensory input

> .

« Represented by:
» Agent’s end-effector poses
» Agent’s joint angles
> ..
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The Three Components of Computer Vision

The 3R’s of Vision:
Recognition, Reconstruction & Reorganization

Talk at POCV qu(l)%shop, CVPR 2012

Slide credit J. Malik



Embodied Vision vs. Computer Vision

Observations o444 Observations o444

A ‘ Observations o; ‘ ‘ Observations o; ‘
: 5' W :

\9

g @
s
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EFmbodied Vision and AR/VR




Embodied Vision and AR/VR

@ R SPORTS
<’ THAT FEEL

4 |
e/38W3qgaVSy4Qrsi=09ywN546)pvnuAgO 109



EFmbodied Vision and Robotics

110



Embodied Vision and Robotics

Video source Boston Dynamics
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EFmbodied Vision and Robotics

@ RT-1 ¥ RT-1-X W RT-2-X == Octo
1.0

®
Real world Simulation X .’.5
o 2
% 0.8 .. il ..i.
W P
2 09 + X e
o
% + 4. O
%0, + T3 e®
E /’* x\’.
w . o
- P 4 .
3 02 +,,/_‘|I+ %
pick coke can (real) o o + .’J .T.
0.0 % ~’.t|-" +
0.0 0.2 0.4 0.6 0.8 1.0

Real success rate

Evaluating Real-World Robot Manipulation Policies in

Simulation. Li et al. 112



Related Courses: Computer Vision

Learning for 3D Vision by Shubham Tulsiani at CMU

Machine Learning for Inverse Graphics by Vincent Sitzmann at MIT

Computer Vision by Andreas Geiger at University Tubingen

Learning for 3D Vision by Angjoo Kanazawa at Berkeley

3D Vision by Derek Hoiem at UIUC

Advances in Computer Vision by Sara Beery, Kaiming He, Mina Konakovi¢ Lukovic

and Vincent Sitzmann at MIT
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https://learning3d.github.io/index.html
https://learning3d.github.io/index.html
Machine%20Learning%20for%20Inverse%20Graphics
Machine%20Learning%20for%20Inverse%20Graphics
https://uni-tuebingen.de/fakultaeten/mathematisch-naturwissenschaftliche-fakultaet/fachbereiche/informatik/lehrstuehle/autonomous-vision/lectures/computer-vision/
https://uni-tuebingen.de/fakultaeten/mathematisch-naturwissenschaftliche-fakultaet/fachbereiche/informatik/lehrstuehle/autonomous-vision/lectures/computer-vision/
https://sites.google.com/berkeley.edu/cs294-173/home?authuser=0
https://sites.google.com/berkeley.edu/cs294-173/home?authuser=0
https://courses.grainger.illinois.edu/cs598dwh/fa2021/
https://courses.grainger.illinois.edu/cs598dwh/fa2021/
https://advances-in-vision.github.io/index.html
https://advances-in-vision.github.io/index.html

Related Courses: Animation and Simulation

Physics-based Animation by David LW. Levin at U Toronto

Simulation Methods for Animation and Digital Fabrication by Stelian Coros at

CMU

Computer Graphics by Nancy Pollard at CMU
Physics-based Animation of Solids and Fluids by Minchen Li at CMU

Computer Graphics: Animation and Simulation by Doug James at Stanford

Topics in Computing : Physics-Based Modeling and Simulation by Eftychios

Sifakis at University of Wisconsin-Madison
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https://github.com/dilevin/CSC417-physics-based-animation?tab=readme-ov-file#helpful-resources
https://github.com/dilevin/CSC417-physics-based-animation?tab=readme-ov-file#helpful-resources
https://github.com/dilevin/CSC417-physics-based-animation?tab=readme-ov-file#helpful-resources
https://github.com/dilevin/CSC417-physics-based-animation?tab=readme-ov-file#helpful-resources
https://www.cs.cmu.edu/~scoros/cs15467-s16/index.html
https://www.cs.cmu.edu/~scoros/cs15467-s16/index.html
http://15462.courses.cs.cmu.edu/spring2023/courseinfo
http://15462.courses.cs.cmu.edu/spring2023/courseinfo
https://www.cs.cmu.edu/~15763-s25/#resources
https://www.cs.cmu.edu/~15763-s25/#resources
https://www.cs.cmu.edu/~15763-s25/#resources
https://www.cs.cmu.edu/~15763-s25/#resources
https://graphics.stanford.edu/courses/cs348c/
https://graphics.stanford.edu/courses/cs348c/
https://pages.cs.wisc.edu/~sifakis/courses/cs839-f19/
https://pages.cs.wisc.edu/~sifakis/courses/cs839-f19/
https://pages.cs.wisc.edu/~sifakis/courses/cs839-f19/
https://pages.cs.wisc.edu/~sifakis/courses/cs839-f19/

Related Courses: Physics Informed Machine Learning

Physics Informed Machine Learning by Steven Brunton at UW
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https://www.youtube.com/playlist?list=PLMrJAkhIeNNQ0BaKuBKY43k4xMo6NSbBa
https://www.youtube.com/playlist?list=PLMrJAkhIeNNQ0BaKuBKY43k4xMo6NSbBa

Reminder

« |am not enrolled in but | would like to enroll in this class. What should | do?
> If youTe interested in enrolling, please fill out and submit this form.

https://forms.gle/ZS64Krglmoel.zxK67

« Any application of course withdrawal after 4/20 will not be accepted!
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https://forms.gle/ZS64KrqJmoeLzxK67
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