


Vnimani (téz percepce) zachycuje to, co v dany okamzik pusobi na smysly,
informuje o vnéjsim svété (barva, chut) i vnitfnim (bolest, zadychani).
Vnimani je subjektivnim odrazem objektivni reality v nasem védomi

prostrednictvim receptortu. Umoznuje zakladni orientaci v prostredi,
respektive v aktualni situaci.

Otazka: Proc subjektivni? Co vse je déla subjektivni?

Perception
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Example image that illustrates the complexity of recognizing chairs as no single technique in terms of
contours, appearance, components etc. is adequate to correctly allow 'counting of the number of
., chairs'. (Source: Bllthoff, Max Planck Institute for Biological Cybernetics (MPIK), Tubingen, Germany.)

Vision
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Vision
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Human vision:
- 50% neural tissue

.. Thalamus, Corpus geniculatum laterale AlnT dArA
- 66% activity - PUS g f : Dorsélni dréha
rvni reorganizace info z nerv.vzruchu Visuoprostorové
funkce, ne stat.objekty
WHERE

Primarni
viz.kura
Vi

Inferior -
Ventral tempaoral
[inferior Cortex
temporal

5y

batveay [ pathway |
= - WHAT
Gangliove buriky S—
M buriky — 8% — M drahy , V_er_1t[aln| draha
P buriky 80% — P drahy Citlivé na obrysy,

Velké rozliSeni
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Human vision:
- 50% neural tissue

.. Thalamus, Corpus geniculatum laterale 21nT dra
- 66% activity - PUS g f : Dorsélni dréha
rvni reorganizace info z nerv.vzruchu Visuoprostorové
funkce, ne stat.objekty
b WHERE
4 ._lparietal}

Primarni
}_.:l viz.klra
Magno _:_ Vl
4/ _
Ventral temparal
Einfql:iqr“ /_/)‘/
Bmpora N
Ly k‘j pathway |
/ WHAT
Gangliove bunky .
M buiiky — 8% — M drahy Ventraini draha
P buriky 80% — P drahy Citiive na obrysy,

Velké rozliSeni
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Visual area
of the thalamus

Retina
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Prekrizeni drah optického
nervu, aby byla zpracovavana
separatné prava a leva Cast
zorného pole

visual world

Pulvinar nucleus

Lateral geniculate
nucleus

Superior colliculus

/ ﬁght t M Pm_a] fEtiI‘iH Optic radiation

right nasal retina

Primary visual cort primarni zrvakovt kura
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(1)the neuron fired only the line was in a particular place on the retina,

(2)the activity of the neuron changed depending on the orientation of the line, and

(3) sometimes the neuron fired only when the line was moving in a particular direction (different
neurons respond to different angles).

Simple and complex cells

https://www.yout

Human vision —
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https://www.youtube.com/watch?v=y_l4kQ5wjiw

Slacha horniho

primého svalu
Spojjuka Skléra, bélima
Zornice : Cévnatka
, \
: Sitnice

Nitroocni tekutina

/

Misto nejostiejsihg

videni, Zluta
skvrna

Zavésny aparat
Rasnaté télisko
.
Ora serrata .
—— Sklivec
Slacha dolniho
primého svalu

Papila zrakového nervu

— slepa skvrna

COnII\JUIIIIbIIUIIIUIIUII\.AI \ -
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Opticka soustava:
rohovka (usmérnéni) — komorovy mok — zornice — ¢oCka — sklivec — sitnice

5 centimetru . - N
horsSi elastichost uz od

16. roku --- presbyopie
10 centimetrd vzdalenost pfi &teni

délka natazené
paze
4 metry

1SZI18rMrdN

Otazka: Jind zvirata, napfiklad ryby, akomoduji ¢ocCku
jinak. Napadlo by vas jak?

aod
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Opticka soustava:
rohovka (usmérnéni) — komorovy mok — zornice — ¢oCka — sklivec — sitnice

Problemy:

. Kratkozrakost
. Dalekozrakost
. Strabismus Co ho zplsobuje?

. ruzna délka ocnich svalu

. — ukazka uloh na lécbu
https://cyber.felk.cvut.cz/nova
Kpe/Osobni/Info/Strabismus.p
df
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https://cyber.felk.cvut.cz/novakpe/Osobni/Info/Strabismus.pdf
https://cyber.felk.cvut.cz/novakpe/Osobni/Info/Strabismus.pdf
https://cyber.felk.cvut.cz/novakpe/Osobni/Info/Strabismus.pdf

Photoraceptor
Bipolar layear P

Ganaglion cell layer " M — _-Rod
el — '@,ﬁ/

Ipcaming

light Incoming light

stimulus | Outgoing

T nerve impulse
to visual

cortex

i
Eji:-lg on Bipolar ‘xct_‘:::&_\ Light-sensitive
tips

cell
. Za sitnici pigmentovy epitel — absorpce (melanin)
. Axony nemyelizované — transparentni

F Oto re C e pto rS . ve zluté skvrné ostatni bunky na strané
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TyCinky

100-120 miliénu

Umoznuji rozliseni svetla a
tmy, resp. odstinu Sedi
FunkcCni pfi nizsim
osveétleni — 6 fotonu (vetsi
zesileni)

Nejcitliv&jsi asi 20° od

zluté skvrny
Ve zlute skvrne absentuji

Plna adaptace na tmu trva
20-30 minut

Min.12 Hz zmény, 100ms

Cipky

7 miliébnu

Umoznuji rozliSeni barev -
3 druhy fotopigmentu
Funkcni pri vyssim
osvéetleni — méne citlivé
Nejcitlivejsi na zluté skvrne
Ve zluté skvrné vyhradnée
Cipky

Plna adaptace na svétlo
nepresahne 1 minutu

Zmeny az 55 Hz

— éigkx ostFeiél', Iegéi rozliSeni zmén, barvx, '|en v Seru éEatné
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Zmény membranoveho

Akcni potencialy 7otenciélu

\ Interneurons

Ganglion cell

Vis.pigment rhodopsin

Light

S-cone M-cone L-cone rod

Bipolar cell

Pro€¢ ma systém Cipku lepSi rozliSeni nez systém tyCinek,

| kdyz je pomér tyCinek:Cipkum 20:17
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Fovea (point of
central focus)

S5

H y ﬁﬂiﬂ-l —_ 3
Iri ﬂb’a# K

Pupil

Cornea

Lens

Ciliary muscle
controls the lens Optic
( ) Retina (rods nerve

and cones)
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. rod peak A :
140 F ] 2
120 b I 1 7
ok 1J 4

ods
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RECEPTOR DEMSITY (mm~¥ x 107]

| i ‘
20 | t ;
050 60 04 30 20 0_0 10 20 %0 40 50 &0 70 80 90
TEMPORAL fovea MASAL
ECCENTRICITY in degrees  Qsterberg, 1935
i Klesajici citlivost se s
2o vzdalenosti podnetu od zlute @ -
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« zde se promita obraz
sledovaného objektu ] o
» misto nejostrejsino

videni ] o
» vyhradne Cipky

Yisual s
Acurty | % %

Penkhus, 1966

o
—
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{
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—
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Usti optického nervu

17° od zluté skvrny

N,
N -
“. .'I‘

Optic Nerve Head

ProC nase videni nelimituje?
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Binocular zone

_~ Fixation point

Left Right
monocular monocular
zone zone

Left temparal
hemiratina

Right temporal
hermireting

Fovea \ tina Blind spot

Optic nerve

Right optic tract
(carrying representation
of left visual field)

To lateral geniculate
nucleus, superior colliculus
and pretectal region
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Sifka zorného pole

* Jedno oko:
160° (8) x 175° (v)

* Obé odi:
200° (8) x 135° (v)
* Oblast binokularniho

prekryti:
120° (S) x 135° (v)

Binocular zone

_~ Fixation point

Left
monocular
zone

Right
monocular
zone

Left temparal
hemiratina

Right temporal
hermireting

Blind spot

/

Optic nerve

Right optic tract
(carrying representation
of left visual field)

To lateral geniculate
nucleus, superior colliculus
and pretectal region
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Newborn 4 weeks 8 weeks
-

3 months

P
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. Ostrost vidéni
. oCni svaly (2 mésice)

. Vnimani hloubky
. Napovédi — dulezitost o¢nich svall

. Vzdalenost rohovky a sitnice . Vizualni hrana — Eleanor J. Gibson

. Vyvinuti sitnice, mozkovych drah (6m)

. Tvare
. test matka x cizinec
. Matka v Sale (1 mésic)

. Barva
. Sileni Cipku,radéji delSi
vinové délky (x dospéli)
. Az po 3mesicich

. Citlivost na svétlo
. 90x vySe prah nez dospely
. Prodluzovani
fotoreceptord, vyvoj sitnice

https://www.youtube.com/watch?v=p6cqNhHrMJA

Newborn 4 weeks 8 weeks
-

-

3 months

P
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https://www.youtube.com/watch?v=p6cqNhHrMJA

Jejich ukolem je udrzet
predmet naseho zajmu
v oblasti zluté skvrny

Vyhasinani vjemu pfri
stabilizaci promitaného
obrazu objektu

Druhy o€nich pohybu

Volni — parietalni kiira -> frontalni oéni pole
(premotoricka ¢ast frontalniho laloku) -> stfedni
mozek -> most -> retikularni formace ->hlavové
nervy -> okohybné svaly

Nevolni
— Sakadické oCni pohyby — neplynulé, 3-4x/s
*Hladké sledovaci pohyby — fovea
*Rychlé trhavé pohyby
— Vestibulookulomotoricky reflex —s
natoCenim hlavy
Provazejici oCni pohyby
Kon/Divergence
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. Hierarchicky systém X oddélena centra

. fotoreceptory — bipolarni b. — gangliové b. — opticky nerv —
thalamus — primarni viz.kira — extrastriate oblasti

. Retinotopic map, retinotopy (zac.20 st. na lidech s lézemi, 1941

experimentalné)

Head — centered ref. ramec X body — centered ref. ramec
Retinotopic map + o€i + hlava

Retinotopic map +
Pozice ocCi

. Makak

. pres 50% neokortexu vizualni informaci, 11% somatosenzorickou, 3% sluch

. centra pro viz.info se liSi velikosti

. aktivitu bunék jednotlivych oblasti, odpovédi neuronl na podnét ruzné
orientace htip://youtu.be/y 14kQ5wjiw (1:30)
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http://youtu.be/y_l4kQ5wjiw

Parietalni klira

Temporalni kura

’ . e Visual neglect — ne slepou Problém rozliSeni objektd,
Léze u lidi , N "y L
skvrnu (Iéze V1), ale vizualni pamét, rozpoznani
kontralateralni neglect tvari
— prostorova reprezentace — object recognition
Leze u opic Problém lokace objekt( (dat Problém identifikace objektti —
ruce) barva, orientace, vzor, tvar
Neovlivni identifikaci Neovlivni lokaci
BOLD - PET Lateral occipital extrastriate region
Object location, pii Rozpoznani objektd,
pozornosti na rychlost pozornost na barvu, tvar
objektu
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Thalamus, Corpus geniculatum laterale

. : ; Dorsalni draha
Prvni reorganizace info z nerv.vzruchu

Visuoprostorove
funkce, ne stat.objekty

o Color Dorgal WH E R E

Primarni
N viz.klira
V1
Rieting
P ealls
e Ventral
:B:" === {in?eri‘:rr

temporal]

Y (=]
MY M q;mv

Gangliove burky L

M bufiky — 8% — M drahy , Ventralni draha

P buriky 80% — P drahy Citlivé na obrysy,
Velké rozliSeni
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V4 color higher visual areas

mwmuular o =AAASAbS TN Rvent SR .
:ﬂh‘m 5&‘ furm fan 63&
g conlras! sensiliviy P e
T— o

2 s
rimary Visual Cortex
Fig. 2.10: Anatomical interconnection scheme of the

neurons of the human color-coding system. The retinal
ganglion cells project into the parvoc:llular lateral seniculate nucleus (LGN) and via the B-band of the pri-

mary visual cortex and visual area 2 (V2) to visual area V4. (Alter Livingstone and Hubel, 1988.)
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T thalamus

prvni reorganizace
informaci obsazenych
v nervovéem vzruchu

magno- a
parvocelularni
systém
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FRONTAL LOBE

LATERAL X oy
GENICULATE i /s .
NUCLEUS oA e
(LGN) 1y I
» ‘N .
f

_» PARIETAL LOBE

OCCIPITAL

Primarni analyza a
| detekce jednotlivych
i element(

separatni zpracovani
obou stran zorného pole

INFERIOR TEMPORAL

CORTEX (ITC) | CEREBELLUM

magnifikace obrazu
na zluté skvrne

Lok il Hypersloupec — ze sloupcu pro
Orientation and ocular dominance columns VéeCh ny Orientace Z jed nOhO
regionu prostoru
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zpracovani ruznych modulu podnétu v riznych urovnich

S postupujici urovni rostouci specialisace nervovych bunék
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Barva : V4, achromatopsie

Tvar : vice sekvenci (V3,
IT, V4); specialni
zpracovani tvari;agnosie,
prosopagnosie

Figure4.24  For the pazent with motion blindness, the were
appears 35 i viswed thiough a strobe light. Rather than see
12 liquid rise continupusly in the tecup the pationt reports
sez g the liquid jump from coe level 1o the neat

Akinetopsia:
selective loss of
motion perception

Pohyb : V5, akinetopsie
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https://becominghuman.ai/from-human-vision-to-computer-vision-convolutional-neural-network-part3-4-24b55ffa7045
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e Left visual

neglect after stroke

Copying: Spontaneous drawing:
o
2 (7))
L] 4 4 ".“_Li L4
7
- om 1]
B[S i
/I/ I3
4 ¥
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« Agnosie
= ztrata schopnosti, znalosti

— S.Freud — ne problém senzort

— Neschopnost rozpoznat a identifikovat objekty a osoby, prestoze
o nich ma subjekt predchozi znalost

— Poukazuje na specificka centra perceptualniho systemu
M AN

e
%,\ :
2 )
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. Aperceptivni agnosie F\
. Neschopnost pojmenovat, B

napodobit nebo rozpoznat
objekty prezentované X
vizualné. O

. Je zachovana schopnost

vnimani barev, identifikace 3

objektu a nevizualnich
napovedi. E’

. Asociaéni agnosie
— Porusena identifikace
objektU
— Rozpoznaji objekt, ale ne
mu dat vyznam
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. deficit v oblasti vnimani tvari

. Mrtvice, degenerativni
onemocneni

. Typy:
. aperceptivni typ ~ vnimani

. amnesticky typ ~ poruchy paméti
na tvare

. Problém pfi sledovani filmu —
neudrzi dej

Konkrétni »
tVAF « X » |dentifikace
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. Poskozeni vnimani barev
v celém spektru

+ fotofobhie, mala ostrost

Bilateral temporal cortex

Priciny:

. nefunkénost Cipku

. dédicna Cipkova slepota
. néktera onemocnéni sitnice [k

”._;{ “ 3 .‘-. .'.-‘ o]
Py =

Normal colour vision

=

KARLA STEPANOVA: coeuqus?

TIVE! s‘T‘En{lﬁ&gﬁqéa TON-VISION), 25.10.2023,
KARLA STEPANOVA® CVU & WANW AR ASPESRR S
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. Neschopnost vnimat
pohyb diky poskozeni
dorzalni vizualni drahy
(V5/MT).

Figure4.24 For the patier
appears as if viewee througl
tn2 liquid rise continuously |
see ng the liquid jump from

. 2typy
. Pohyb~ série fotografii

. Nevidi pohyb — jako by
ztuhl

.......

http://youtu.be/B47Js1MItT4w
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http://youtu.be/B47Js1MtT4w

Schopnost vnimat pouze
jedno slovo nebo objekt
v jeden okamzik
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. slepota ke slovim

. Agnosie k orientaci objektu

. Slepota k hloubce

. Slepota ke gestim

. Slepota k prostfedi (rozpoznat v jakém se nachazi prostredi)

. sbeératel znamek nepozna znamky
. pozorovatel ptakl nerozpozna ptaky
. muze byt selektivni pro zivé/nezivé/pro slova/pohyb...
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Find the chair in this image

1999, David Lowe

A

AlexNet, 2012 2000, Viola-Jones face detection

Recent advances in computer vision
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Deep learning

Classical object recognition

Edges

Texture

Colors

Feature extractors

7

Segments

Parts

.

Classifier

Learned

“clown fish”

“clown fish"

What do deep nets internally learn?

— ... — “Figh”

|
@CO0e00]
00000

[@COCCO00®® 0]

A CNN is a multiscale,
hierarchical
representation of data

|

Representations!
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CNNs learned the classical visual recognition pipeline!

Edges
\ Segments \
) } Texture “clown fish”
Parts /
Colors /
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Detection Frameworks Train mAP FPS
Fast R-CNN [5] 2007+2012 70.0 0.5
Faster R-CNN VGG-16[15] 2007+2012  73.2 7
Faster R-CNN ResNet[0] 200742012 764 5

YOLO [14] 200742012 634 45
SSD300 [11] 200742012 743 46
SSD500 [11] 200742012  76.8 19 -
AlexNet, 2012 https://papers.nips.cc/paper/4824- Speed/accuracy trade-offs for modern convolutional object
imagenet-classification-with-deep-convolutional-neural- detectors, Jonathan Huang et. al., 2017
networks.pdf s LS Carldoglbicydle  coordinates

| AUOD

Z AU0D

oo

Always 4x4 no
L matter the size

Conv 5 feature map ﬁféﬁi’;‘i’da‘e

Recent advances In computer vision

https://towardsdatascience.com/recent-advances-in-modern-computer-vision-56801edab980
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https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
http://zpascal.net/cvpr2017/Huang_SpeedAccuracy_Trade-Offs_for_CVPR_2017_paper.pdf
http://zpascal.net/cvpr2017/Huang_SpeedAccuracy_Trade-Offs_for_CVPR_2017_paper.pdf
https://towardsdatascience.com/recent-advances-in-modern-computer-vision-56801edab980

Current frame Conv Layers
Search Region

Crop
-y Fully-Connected
Layers

il

Predicted location
of target
within search region

Cro
TR

What to track
Previous frame Conv Layers

D. Held, S. Thrun, and S. Savarese “Learning to Track at 100 — ' '
FPS with Deep Regression Networks”, ECCV 2016. MOTS: Multi-Object Tracking and Segmentation — Paul
Voigtlaender et. al., CVPR 2019

Recent advances in computer vision
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Carry/hold (an object)

Fighthit (a perzon)

LSTM

i
E| LsT™ | E| LST™ | D LSTM\l D LSTM\l n LSTM\l
I I I I

istanding

o _hlockjng I : ! l

= Basketball Shoot

Figure 1: How do we represent actions in a video? We propose Ac-
tionVLAD, a spatio-temporal aggregation of a set of action prim- 4
itives over the appearance and motion streams of a video. For 4
example, a basketball shoot may be represented as an aggregation
of appearance features corresponding to ‘group of players’, ‘ball’
and ‘basketball hoop’; and motion features corresponding to ‘run’,
‘jump’, and ‘shoot’. We show examples of primitives our model
learns to represent videos in Fig. 6. t\‘

starding

https://blog.qure.ai/notes/deep-learning-for-videos-action-recognition-review
https://towardsdatascience.com/literature-survey-human-action-recognition-cc7c3818a99a
https://towardsdatascience.com/deep-learning-architectures-for-action-recognition-83e5061ddf90

Group Dynamics

Person Dynamics

i‘ | Standing

D Setting

D Blocking

Recent advances in computer vision
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https://blog.qure.ai/notes/deep-learning-for-videos-action-recognition-review
https://towardsdatascience.com/literature-survey-human-action-recognition-cc7c3818a99a
https://towardsdatascience.com/deep-learning-architectures-for-action-recognition-83e5061ddf90

Recent advances in computer vision —
transfer learning

Pretraining Finetuning Testing

Object recognition Place recognition Place recognition

\HH “FiSh” é \HH ?

A lot of data A little data
Finetuning starts with the representation learned on a previous
task, and adapts it to perform well on a new task.

ﬂ—H bedroom
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Recent advances in computer vision —
autoencoders, GANs, VAEs

9 F [ X = F(X)
S @ -9 e

5 onr e e

S e O @ o

o o 191 9 |e
O ol 19 |@ O 7‘ 5"&;
S G L
@) O] Reconstructed

\ ; X ; image

Encoder Decoder
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CL 2 Reparametrlzatlon ]— Ly = ;HVt SMPL(P;)|[; ﬁ % “ w *
o= P Pz[lzJ | AP
-1

Linear projection

_‘I“!‘F

{\ l * N - zeM Transformer Decoder

_ﬁ\p:p -_’iJ é @ é_l

Petrovich, Mathis, Michael J. Black, and Giil Varol. "Action-conditioned 3d human motion synthesis with transformer
vae." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2021.

Transformer Encoder J

@é A

Linear projection J

- o e o o o o o o
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Input Output Input __ Output Input Output

=

horse — zebra

CycleGAN

orange — apple

Monet Z_ Photos Summer _ Winter

zebra —

horse —» zebra

Photograph Van Gogh

Recent advances in computer vision

https://towardsdatascience.com/recent-advances-in-modern-computer-vision-56801edab980
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https://towardsdatascience.com/recent-advances-in-modern-computer-vision-56801edab980

Labels to Street Scene Labels to Facade BW to Color

out - output
Day to Night Edges to Photo

output output input output

Pix2Pix

Recent advances in computer vision

https://github.com/lood339/pytorch-two-GAN
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https://github.com/lood339/pytorch-two-GAN

edges2cats User Interface Results

ToOL INPUT ouTPUT
4
4 46‘ .

e
Vitaly Vidmirov @vvid

e | Process B

@gods_tail

INPUT OUTPUT

)| —

lvy Tasi @ivymyt

Demo
https://affinelayer.com/pixsrv/

Recent advances in computer vision

https://github.com/lood339/pytorch-two-GAN
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https://github.com/lood339/pytorch-two-GAN
https://affinelayer.com/pixsrv/

e _

https://www.arxiv-vanity.com/papers/1711.07064/
DeBlurGAN
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Other Class

Input Video Clip Context Embeddings Person-specific self-attention

Figure 1: Action Transformer in action. Our proposed multi-
head/layer Action Transformer architecture learns to attend to rel-
evant regions of the person of interest and their context (other peo-
ple, objects) to recognize the actions they are doing. Each head
computes a clip embedding, which is used to focus on different
parts like the face, hands and the other people to recognize that the
person of interest is ‘holding hands’ and ‘watching a person’.

il

8e[e UORIY

https://arxiv.org/pdf/1812.02707.pdf
Video Action Transformer Network
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https://arxiv.org/pdf/1812.02707.pdf

cube_holes: 0.99 serew-round. fhread: 1.00

§1crew_round_heod: 1.00

wrench_ring: 0.90

]vﬂlrench_open: 1.00
@ |

kuka: 1.00 |{x=auA v=407) ~ B:172 G:217 Ri1A)

°"°"S-“°F""'°= — . —— Yolact on our datasets —
A affordances, robot, hands...

Recent advances in computer vision
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The General problems of VA in machine vision:

1.How can the system know what information is significant enough?

2.How does the visual system know when and how to direct attention and select significant information rather
than doing so randomly?

3.Where is (are) the next potential target(s) of visual attention shifts? That is, how does it know where to actually
focus its attention to?

integration
Acti- * ke \}J ¥ spike
. . vation o .
Event'based viSion function 4_‘_‘\‘ L(:— refractory period
g ——L o'l — .
. . . J_ ” i 411 s Binary evenls
Visual attention, Spiking neural networks... @ > f-O
Therefore, it can be said that the core objective of visual pike pattem
attention is to achieve the least possible amount of visual —
information to be processed to solve complex high-level tasks, “’Hv, ;.-., “te
. ey e ot * _* | sutpul
e.g., object recognition. unu)dm o Tl o
| . o L]
L ]
Where next? e
e CHMN (VI1-V4 in human brain) SNM (IT part in human brain)

https://becominghuman.ai/from-human-vision-to-computer-vision-towards-spiked-based-visual-intelligence-
and-neuromorphic-913e5de21bf9

KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 25.10.2023,

KARLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ
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Computer vision for embodied agents

. | Robot model
v
(_ Planning and execution \
o
=
= scene description action sequence
< p
ol S
} \.! """"""""""""""""
Check what is on the other side of the :> Measurement result
blue metal portable soda can, please. Success of planning/execution

Behrens, Jan Kristof, et al. "Embodied Reasoning for Discovering Object Properties via Manipulation."
2021 IEEE International Conference on Robotics and Automation (ICRA). IEEE, 2021.
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Computer vision for embodied agents

Intelligent agents

N

N~

Agent
Model/Representation | —| Controller
Vhﬁon‘k

\. J
Observations

Actions

Environment /

Funny looking autoencoder

Find a [shape, camera, texture] combination that renders to the image.

non-learned renderer

Shape

learned

\ ) N
By

Texture

http://6.869.csail.mit.edu/sp22/lectures/L16/16 vision for embodied agents.pdf
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http://6.869.csail.mit.edu/sp22/lectures/L16/16_vision_for_embodied_agents.pdf

Computer vision for embodied agents

Mobile Manipulation PaLM-E: An Embodied Multimodal Language Model Task and Motion Planning

Given <emb> Q: How
to grasp blue block?
A: First grasp yellow
block and place it on
the table, then grasp
the blue block.

Given <emb> ... <img> Q: How to grasp blue block? A: First, grasp yellow block

? ViT

Large Language Model (PaLM)
Human: Bring me the rice chips from the Tabletop Manipulation
drawer. Robot: 1. Go to the drawers, 2. Open

top drawer. | see <img>. 3. Pick the green rice

chip bag from the drawer and place it on the Control < A:First, grasp yellow block and ...

counter.

Given <img> Task: Sort
colors into corners.
Step 1. Push the green
star to the bottom left.
Step 2. Push the green
Describe the following Language Only Tasks circle to the green star.
<img>:

A dog jumping over a
hurdle at a dog show.

Visual Q&A, Captioning ...

Given <img>. Q: What's in the
image? Answer in emojis.

AGSP000

Q: Miami Beach borders which ocean? A: Atlantic. Q: What is 372 x 187 A: 6696.Q): Write a
Haiku about embodied LLMs. A: Embodied language. Models learn to understand.
The world around them.
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omputer vision for embodied agents

VLM as Text Policies
image — text actions

PaLM-E

v

Action 1. push red star to left ...

Action 2. move green star to ...

Action 3. move arm to yellow ...

VLM as Heuristic Functions
image — caption # steps left

PaLM-E

|

There are 28 steps left to ...

28

r
1
1
1
2

Video Language Planning
Long Horizon Visual Planning with Tree Search

make a horizontal
line of blocks

or

— = - Step 1: push red star to left .

Step 1: push blue triangle to _..

Step 2: (re-plan) Step 2: (re-plan)

Step 2: (re-plan)

v

I
|
!
|
I
|
I
I
|
|
I
I
!
|
I
I

_ Video Model as Dynamics Model
text + image — video rollouts of the future

Text-to-Video

push red star to green

- Actions from Goal-Conditioned Policies

Policies

|
v
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Checklist for Comparison Studies Human system Machine system
Foveated Contour Eye  Recognition Bag-of- Back- Weight Adversarial
) ) tiling integration movements gap feature propagation sharing vulnerability
Isolate implementational or
functional properties a ﬁ e ﬁ a Q e
Ex: BagNets' isolate local feature processing Attention Feedback Robusiness Attention Texture bias Fecdback
o e

ii.  Align experimental conditions
Ex: Stimulus timing for hurmans (short
presentation time = core object recognition?)

o

lii. Distinguish necessary vs. sufficient ﬁf‘fflf”

Ex: Both shape and texture features are Succeeds or fails o
sufficient but not necessary on ImageNet™* Alternative generalization
mechanism to?

iv. Test generalization
Ex: Controversial stimuli® are useful out-of-
distribution data that reveal human inductive bias @

v. Resisting human bias . J
Ex: Stimulus selection and data analysis _\"f
influence identified similarities b/w human and
machine perception of adversarial examples® @

Comparing human and Al vision

https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406
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https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406
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Can you tell which one of the above images
contains a closed shape?

Comparing human and Al vision

https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406

> open
contour

The ResNet neural network was able to detect various open- and closed-contour images, despite having been trained on
straight-line examples only.
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https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406
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» The ResNet-50 neural network struggled when presented with images that contained lines of different colors and
thickness, and where shapes were larger than the training set.

The ResNet neural network was able to detect varic
straight-line examples only.
/ <
Can you tell which one of the above images
contains a closed shape?
[ ]

< O I I l a I I I l ‘ I l I I I I a I I a ' The image on the right has been modified with adversarial perturbations, noise that is imperceptible by humans. To the
human eye, both images are identical. But to a neural network, they are different images.

https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406
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https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406
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Can you tell which one of the above images
contains a closed shape?

Comparing human and Al vision

https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406
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» The ResNet-50 neural network struggled when presented with images that contained lines of different colors and
thickness, and where shapes were larger than the training set.

NES

7\

\

As our Al systems become more complex, we will have to develop more
complex methods to test them. Previous work in the field shows that
many of the popular benchmarks used to measure the accuracy of
computer vision systems are misleading.

Vv
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https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406
https://bdtechtalks.com/2019/12/16/objectnet-dataset-ai-computer-vision/
https://bdtechtalks.com/2019/12/16/objectnet-dataset-ai-computer-vision/
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B

machine-selected human-selected
——— patches patches
—— sunglass recognition 1.0 -
—— suit, suit of clothes gap
— airliner i
-=- recognition criterion 0.8
224 179 143 )
. 06 humans
- - -y = ———a —-—aa pa_tch size <
% | | f [pixels] =
! | =
/I N < S« B BN = 204
a
- .
| 11 [ 1 1 |
K] [} m I 11 1 1 1 | | 0.2 1
= ad LE_J 1L E E
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Baghet-33 Baghet-23 algorithms from
- - - - on data set from on Imagehet Ullman et al.
successive cropping/reduction of resolution until unrecognizable Ullman et al. cubset on their data

Comparing human and Al vision

https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/

https://arxiv.org/abs/2004.09406
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https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406

e Survailence, face detection =y ) S e i ‘ l

* Medical imaging — cancer detection, etc.

* Traffic cameras ' . . e e Gl ') ~

* Quality assurance — infrared thermocameras

SWHQY'W‘«s-&.

* Invariant object recognition B . : - P
nt object recog e o g B
* Attention

 Emotions, memories http://www.cs.cmu.edu/~stein/BSIFT/example objects.jpg

* Occlusions — human takes into account embodiments of agents

« Similarities, but not overdetecting (e.g. we see the chair is on the picture, not in reality
easily)

* Semantic retrieval
New objects

Comparlng human and Al vision
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http://www.cs.cmu.edu/~stein/BSIFT/example_objects.jpg

Example image that illustrates the complexity of recognizing chairs as no single technique in terms of
contours, appearance, components etc. is adequate to correctly allow 'counting of the number of chairs'.
(Source: Bulthoff, Max Planck Institute for Biological Cybernetics (MPIK), Tiibingen, Germany.)
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