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Week | Date Item

u u

EPFL Log Istics T
2a 25.02 - lecture 2
2b 27.02 - lecture 3
3a 04.03 - lecture 4
3b 06.03 - lecture 5
4a  |11.03 - lecture 6 (+ Q&A)

| [nos |- Tandomers rosbookassigmmenave |

4b 13.03 - lecture 7
5a 18.03 - lecture 8

= First assignment notebook due |20 | eawes
11/03/2025 23:59 CET. e
[ Jowos [-achocomaromookssmommentme |

7a 01.04 - lecture 12
7b 03.04 - lecture 13
8a 08.04 - lecture 14
8b 10.04 - lecture 15 (+ Matchmaking session)

-m - all subsequent sessions from 15.04 onwards are for Q&A

o s ]

- Final project presentation Part |

B CS-503: Visual Intelligence

- Final project presentation Part Il




EPFL. Anonymous
feedback entry
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Thi rly in th
you Kindness
Yo {incredib

mester
pact.
It'

4 laughably simple fbut it h:
useramess orwhat 1 go whilst

that we're here to learn, not tc
environment.

So from the bottom of my heag

WANTED!
& BOUNTY: ICCV Conference Trip to Hawaii "F T

FOR THE CRIME OF SAYING:
"Laughably simple"

This outlaw has made things sound too easy, and we can’t let that slide. If you
have seen, heard, or been a victim of this phrase, you may be eligible for the

bounty!

C§, LAST KNOWN WHEREABOUTS:

*  Any place where confidence runs high
e Tech forums, puzzle competitions, or trivia nights
e Probably sipping coffee while casually solving hard problems

%+ REWARD:

A luxurious trip to Hawaii #_,, where things are genuinely laughably simple.
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=PFL \fision theories
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1800 1850 1800 1950 2000
<} (A O T SR — N
[ Helmholtz |
[ Wundt ]
[ Titchener ]
| Wertheimer |
= What's a “theory”? An integrated/consistent — — ]
set of statements/hypotheses about
underlying principles of something.
. . L Gibson |
« That not only organizes and explains : — |
known facts (eg existing experimental
results), but also makes predictions [ Gregory
about new ones. | Hochberg
THEORY NATIVISM vs. ATOMISM vs. ORGANISM vs. PRINCIPAL METHOD
EMPIRICISM HOLISM ENVIRONMENT ANALOGY
Structuralism | Empiricism Atomism Organism Chemistry Trained
Introspection
Gestaltism | Nativism Holism Organism Physical Field Naive
Theory Introspection
Ecological | Nativism Holism Environment Mechanical Stimulus Analysis
Optics Resonance

Stephen Palmer

o
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=PFL Structuralism

= Progressive “concatenation” of
“sensory atoms”
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Wilhelm Wundt
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=PFL Gestaltism
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= Whole is more than the sum of parts.
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=PFL Ecological
Approach
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=PFL. Constructivism
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= Vision:
= an indeterminate inverse problem Which horizontal  Which horizontal Are the long lines
frOm retinal Imag es line is longer? lina is longer? parallel or tited?
= a “reconstruction” of the reality.
= Something besides the retinal image is
needed.
= Likelihood Principle
Do the diagonal lines Which central circle
line up or not" is larger?
0L0
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=PFL Feedback
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= Vision appears to be more than
bottom-up association.

Roccdrnig to a rscheearch at Cmabrigde Uinervtisy, it deosn't
mttaer in waht oredr the Itteers in a wrod are, the olny
iprmoetnt tihng is taht the frist and Isat Itteer be at the rghit

pclae. The rset can be a toatl mses and you can sitll raed it
wouthit porbelm. Tihs is bcuseae the huamn mnid deos not raed
ervey Iteter by istlef, but the wrod as a wlohe.

Bottom-up

(Data Driven}

Even More
Processing

' v

More
Processing

t v

Processing

f

Retinal
Image

T

Light

Top-Down

e
-

(Hypothesls Driven)

-
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=PrL
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= Vision: A useful reconstruction of the
world in a bottom-up and fop-down way.

Zamir



=PFL Perception as modeling
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the environment

= The observer is constructing a
model of what environment situation
might have produced the observed
pattern of sensory stimulation




=PFL Mental Models
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= “If the organism carries a “small-scale model” of external reality
and of its own possible actions within its head, it is able to try
out various alternatives, conclude which is the best of them,
react to future situations before they arise, utilise the
knowledge of past events in dealing with the present and
future, and in every way to react in a much fuller, safer, and
more competent manner to the emergencies which face it.”

= Model:
= something that parallels a reality.

= enables prediction, planning, and counterfactual reasoning/
imagination.

= (Vs reactive)
= keeps the relevant aspects and simplifies others.

Kenneth Craik (1943)

The
Nature of
Explanation

KENNETH
CRAIK
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=PFL. Models
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= Model-Based Reinforcement Learning

While improving:

------ Predicted State o
H1 H2 —e— Ground Truth ..
= Chosen Action ..

1. Agent acts in environment

,/ \
VAAVAY
“V "‘V

A\\ A\\

2. Learn model of dynamics

N
R Pop — argmax Z log Do (St+1 ‘St, Cl,t)
0 ;
str1 = fo(st, at) argrB%ch(st,at) o=l oo
Dynamics Model Control sad Plaming 5+ 1211 actions to maximize
Q reward
St Tt ¢ Q¢ a* = arg maXZ’ytr(st, at)
¢ =0

s.t. St11 ~ Po(Sey1]St, ar)

ey
(3]
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=7l Cognitive Maps (1948)
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COGNITIVE MAPS IN RATS AND MEN*

BY EDWARD C. TOLMAN
University of California

G L

r i

A Apparstm wad in the bent tria! Nmton of rats which chane rach of e pethe

e 16 Fuo. 17
(Froe B, C. Tulman, B. F. Ritchie sod D. Kalish, Studies In spatial (From E. C. Tolmas, B, F. Ritchie and D.
Meurning L Oclestation and shortcul. /. exp. Piycbel, 1946, 36,  Kolish Stedies in spatisl learnleg 1 Ori
»17) entation and (he sbort-cul. /. exp, Prychol,

1944, 38, p. 19)
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=P7L | atent Learning
Tolman & Honzik 1930

Zamir

Group 1: Rewarded: Day 1 — 17: Every time they got to end, given
food (i.e. reinforced).

Group 2: Delayed Reward T | , M
. Day 1 - 10: Every time they got to end, taken out. oiman's aze
. Day 11 -17: Every time they got to end, given food (i.e. I 2
reinforced). I
Group 3: No reward: Day 1 — 17: Every time they got to end, — — — oyl
taken out. i E : . L
The time spent sl
— | here went to model a
building &
é o-o."o No Food l' : § 1 § é i“_ — Door
w

- ‘g
Reward begins - |---- e CuRTAIN
——e

8 4 ~ //*‘\
: - *~—eFood START Fuoﬂatl

4 Food at Plen of mase
7 Day 11

T T T T T T T T ] T T T
i1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
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=PFL Feedback

Zamir

€t o €t :f(xt)

°© Yr11 = Yt + €
Vi o i1 =1 g(Yes1)

) T
ming, e, thl h (e, e (Y, yt))

B CS-503: Visual Intelligence

Human Pose Estimation with Iterative Error Feedback, J Carreira, P Agrawal, K Fragkiadaki, J Malik, CVPR 2016



ey
©

=PFL Feedback

Zamir

—

|Head Shoulder Elbow Wrist Hip Knee Ankle UBody | FBody

Iterative Error Feedback (IEF) | 95.2 91.8 80.8 71.5 823  73.7 66.4 81.4 81.0
Direct Prediction 92.9 894 74.1 61.7 79.3 64.0 53.3 75.1 74.8
Iterative Direct Prediction 91.9 88.5 73.3 59.9 77.5 61.2 51.8 74.0 73.4

Human Pose Estimation with Iterative Error Feedback, J Carreira, P Agrawal, K Fragkiadaki, J Malik, CVPR 2016

B CS-503: Visual Intelligence
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Feedforward model. Feedback model.

Feedback Networks, CVPR 2017
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10
—
0
FF

Early Prediction & Taxonomic Prediction

Early Prediction

-0-- FB Net curriculum trained

—8— FB Net

=@®=-FF (ResNet w/ aux loss)
FF (ResNet w/o aux loss)
FF (VGG w/ aux loss)
FF (VGG w/o aux loss)

1.7 1.63 1,19

5.67 2.36

69.57
------ 9.36
68.21 G
B
S
88
—
.

8 12 16 20 24
Physical/Virtual Depth

28 32

(details in the main paper)

= ®--FB Net curriculum trained

Taxonomy Based Prediction

0% ~~o_ 39.02
R 37.84 38.11
@82 @ ———----—-- $-——---- s=ss
36.56 36.5 7@y —===7"
2868 ==t =35.45
55705

FB Net

= FF (ResNet w/ aux loss)
FF (ResNet w/0 aux loss)
FF (VGG w/ aux loss)
FF (VGG w/o aux loss)

16 24
Physical/Virtual Depth

Feedback Networks, CVPR 2017
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cPrL Feed baCK Direct output Repeating

Training Compute N Inference Compute
LLM
Policy m|

pata
Augmentation

1] H 7
= LLM “reasoning )

Value

= TBD in the FM lectures

PRM v

B gptdo I olimprovement
PhD-Level Science Questions
ML Benchmarks (GPQA Diamond)
MATH & Chemistry
MathVista (testmini)
MMMU (val)
MMLU . Biology

Physics

20 40
pass@1 accuracy pass@1accuracy

Exams MMLU Categories

AP English Lang . Global Facts
AP Physics 2 . College Chemistry
AP English Lit College Mathematics
LSAT 1 Professional Law

AP Calculus . Public Relations

AP Chemistry X Econometrics

SAT EBRW .4 Formal Logic

B CS-503: Visual Intelligence

20 40 20 40
percent raw score pass@1accuracy




=PFL Feedback

B CS-503: Visual Intelligence

= Inner loop

= top-down processing without external
feedback from the world.

= e.9. IEF (iterative error feedback, 2016),
Attention, Feedback Networks (2017),
diffusion.

~~~~~

nerve

Optic
chiasm

Lateral
geniculate

N
w

Zamir
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=PFL Quter loop
Feedback

Zamir
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Anatomy of a toilet
) Float
' Cistern
Handle Tank
Control
Refill tube —Input—»{ Controller |—— S‘i’;a‘l’ Process Output—»
Chain and flapper
Open Loop System
Tank o-ring seal
Water shut-off
valve
——Input—» Controller —CS?;:;?I —>»  Process Output—»
Y /
Measuring
Element
Floor flange
and wax seal Closed Loop System

*stylized illustration, does not depict all toilet types.

B CS-503: Visual Intelligence

Realpars




N
(3]

=PFL Quter loop
Feedback
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Anatomy of a toilet

Control
Signal

——Input—»{ Controller Process Output —»

Open Loop System

Water Source

Control
Signal

b /
Measuring
Element

Process Output——»

——Input—>» Controller

Closed Loop System

B CS-503: Visual Intelligence
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=PFL Quter loop
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Feedback

= E.g. PID controller

osf

osf

oAt

02f

K, -1
Ki=0
Ky=0

—Input —»|

Controller

Control
Signal

Process

Open Loop System

—— Input—»|

Controller

Control
Signal

Process

N
o
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Output —»

Output—»

h

Measuring

/

Element

Closed Loop System

Wikipedia
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GOOgle toilet control theory

Al Images Videos Books Maps News Flights

= E.

FREUD’S STAGES o EiliEEE

= 2. ANAL STAGE (18 months-
3yrs.)

= concentrates on potty training
experience, bowel control

= learning the concept of
control

= is it successful or traumatic?

® Daily Mail M¢ Medium

FasterCapital
Sigmund Freud On How Potty T...

Anal stage: Control and order in Fr . Will flushing with the lid down stop ...

LID UP OR DOWN? SCIENTISTS REVEAL . ;
THE BEST WAY TO FLUSH A TOILET y -
: » Preview

To Pee or Not to Pee? That Is a Question for the Bladder
— and the Brain

# Daily Mail OLES & miT License details

Will flushing with the lid down stop ... Toilet-based continuous health ... 2.972 How A Toilet Works Creator: Gleb Kosarenko
Want to know where this information comes from? Learn more

Flushing Water Inlet

< Share

B CS-503: Visual Intelligence
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= RMA
= Motor Adaptation
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RMA: Rapid Motor Adaptation for Legged Robots, Kumar et al., RSS 2021



=PrL RMA
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Motor Adaptation

A) Training in Simulation =~ cemm e .

Ef

Mass, COM, Friction
Terrain Height (e) Env Factor Encoder (i) —>
Motor Strength Y

Base Policy (m)

: v
*Trainable Modules in Red Regress ' a,
: A
Phase 2 v :
(X505 > — | Base Policy ) |- -
M Adaptation Module () |=»
( X141 )
4 H
B) Deployment Feesassassecsassacsscsasaessaaa- R

Base Policy (7)
100 Hz

(Xs085 >
0 Adaptation Module () 2

[ Xp Oy 1 ]" 108

RMA: Rapid Motor Adaptation for Legged Robots, Kumar et al., RSS 2021
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=PrL RMA
Motor Adaptation
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RMA: Rapid Motor Adaptation for Legged Robots, Kumar et al., RSS 2021



=PrL RMA 31
Motor Adaptation

= RMA for in-hand
object rotation

B CS-503: Visual Intelligence

In-Hand Object Rotation via Rapid Motor Adaptation, Qi et al., CoRL 2022



=PrL RMA
Motor Adaptation
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= RMA for in-hand
object rotation

Base Policy Training

Trainable Module in Red

object position, scale,
mass, center of mass,
coefficient of friction

Object Prop Encoder (1)

||ze—

F

qt—29, At—30

Adaptation Module (¢)

qt, A1

Adaptation Module Training

Balse ~—
=G
Copy\and Freeze
213

Copy ||and Freeze
\ 4

!

qdt—29, At—30

Adaptation Module (¢)
20 Hz

—(2)—

qt, A1

d

Deployment

In-Hand Object Rotation via Rapid Motor Adaptation, Qi et al., CoRL 2022

Copy/and Freeze

Base Policy
()
20 Hz

W
N

Zamir



=PrL RMA
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Motor Adaptation

= +visual sensing

Occupancy Map

2 7

Visual Planner FMM Distance + Obstacle SDF‘

X,_1,0
Velocity ptdns
Command
Generator
(1 OH? Adaptation
Module (75 Hz)
Speed
Constraints

e S —

|— FaII Predictor X-200 21
CoII|S|on Detector b a,_

Local Occupancy

Map Safety Advisor (10 Hz)

Tracking (200 Hz)

=) —
& H Base
g g Pollcy

w
w

Zamir

‘ Walking Policy

Rapid Network Adaptation, Yeo et al., ICCV 2023. htips://rapid-network-adaptation.epfl.ch/
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=PrL RNA
Network Adaptation

Zamir

Non-adaptive
Distorted Input Predictions
Adaptive
Distorted Input Predictions
Depth and Optical Flow Image Classification Semantic Segmentation =
i - | f
v " : R—] g — é
' .. - = - 9
- Training data 1
. y ,dq Test Image [- v_ i 3 '
i " Coarse Labels |I Test Image 4NN Images
i kNN Images  :
Sparse Depth & Flow via SFM * Coarse Labelling via k~-NN Retrieval * Sparse Annotations via Patch Matching h¢
Error Feedback

Adaptation signal

B CS-503: Visual Intelligence

Rapid Network Adaptation, Yeo et al., ICCV 2023. htips://rapid-network-adaptation.epfl.ch/



https://rapid-network-adaptation.epfl.ch/
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=PrL RNA
Network Adaptation
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= [mplementation: . fo .
E E
« Insert k FiLM layers into f. I=s > b g |
. FILM(X,, Yis ﬂl) =7 © X; + ﬁi’ Viel...k T__T
. h¢ takes the adaptation signal, z, and ?
prediction, y, as inputs and predicts Td)
k
{yl’ﬁl}l=] 2%’
. h¢ is able to generalize to unseen shifts and
is flexible

B CS-503: Visual Intelligence

Rapid Network Adaptation, Yeo et al., ICCV 2023. htips://rapid-network-adaptation.epfl.ch/
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=PrL RNA
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Network Adaptation

COCO-CC : ScanNet

JPEG Compr. Motion Blur Shot Noise Motion Blur Shot Noise

Cross-Dataset
oS

Defocus Blur

Ground Truth  Input Image

Baseline

TENT

Densification

TTO

A F A
HHHH’

RNA
i
l
. \

Rapid Network Adaptation, Yeo et al., ICCV 2023.

Taskonomy-3DCC Replica-CC

Glass Blur Pixelate

Near Focus

\

Il
B
[
| 1
=l 1
o

W
o
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Network Adaptation
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o 0.06-
utJ Pre-adaptation Baseline
Ke =@= TTO (Online)
S 0.05 y¢ RNA (jointly trained f)
(U)
I
[
2 0.041
0}
o *
0 1 2 3 4 5

Time (seconds)

B CS-503: Visual Intelligence

Rapid Network Adaptation, Yeo et al., ICCV 2023. htips://rapid-network-adaptation.epfl.ch/
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=PrL RNA
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Network Adaptation

w
o

Zamir

= Methods for handling

distribution shifts

Training-time

robustness methods Model-based adaptation

» : T,
r—{J——v T
LT —— 1
r—>Y Image modification ! t e<«{hy)
Open-Loop (Denoising) ' Closed-Loop p
r—=>x —-—> Y E Model-free adaptation
] I I S
Multi-modal methods : X Lﬁj v
o .
e th sl
< E >

Fast Adaptation of Neural Networks Using Test-time Feedback, Yeo et al., 2023



=PFL Quter loop
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Feedback

= Most vision-action systems
= |In active vision lecture
Agent in the

Perception

Sensory Observation

Zamir
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Questions?

https://vilab.epfl.ch/




