


Vnimani (téz percepce) zachycuje to, co v dany okamzik
pUsobi na smysly, informuje o vnéjsim svété (barva, chut) i
vnitrnim (bolest, zadychani). Vnimani je subjektivnhim
odrazem objektivni reality v nasem vedomi prostrednictvim
receptord. Umoznuje zdkladni orientaci v prostredi,
respektive v aktualni situaci.

Otazka: ProC subjektivni? Co vse je déla

subjektivni?

Perception




Slacha horniho
primého svalu

Skléra, bélima

Cévnatka

Sitnice

Nitroocni tekutina

Misto nejostrejsiha

vidéni, zluta

Zavesny aparat
Rasnaté télisko

Ora serrata .
Sklivec

Slacha dolniho
piimého svalu

Papila zrakového nervu

— slepéa skvrna

CoNnipai iy riutniai anu ArvrsTc




Prekrizeni drah optického
nervu, aby byla zpracovavana
separatne prava a leva cast
zorného pole

.':. Temporal

. A
visual world Taenl™ N

Pulvinar nucleus

Lateral geniculate ——
nucleus

Superior colliculus

/ ﬂght t-E'mpm‘a] rE-ti_t"ia Optic radiation

right nasal retina

* Primary visual cort primarni zr;km kura

KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 23.10.2024, KA
RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ




Photoraceptor
Bipolar layear
cell |H.¥E|'

Ganglion M _-Rod
cell layer J_,h_———mf';%
____,l'h.__———w."‘_

o T

Incoming
light Incoming ligh
stimulus

Outgoing

T nerve impulse
to visual
cortex

Ganglion

cell Bipolar ‘xozh\ Light-sensitive

cell tips
* Za sitnici pigmentovy epitel — absorpce (melanin)
* Axony nemyelizované - transparentni

F O t O re C e p t O rg 710té skvrné ostatni bufiky na strané




Thalamus, Corpus geniculatum laterale Dorsalni draha

Prvni reorganizace info z nerv.vzruchu Visuoprostorové
funkce, ne stat.objekty
- o= WHERE

1'..,_u:var!ataljl
./ pathway {|Posteror

e parietal
@ Depth \{ { “\i cortex 1{2 i ""11
O Form \ |

) Mo

GN
Parvo
A\ e Primarni
b \_ ) ; viz.klra
Magno — h’i{ Vl
Rizting
P cand té:LErmrIL Q O Interbiobs
ay —"ﬁ.ng_ :ﬁ?:::;r cuﬁxl @] Interstripes
sy Mg (\J ::rhp:;:“ WHAT Thin sir
Gangliové bunky L
M bufiky — 8% — M drahy , Ventralni draha
P buriky 80% — P drahy Citlivé na obrysy,

Velké rozliSeni
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 Left visual neglect after stroke

Copying: Spontaneous drawing:
7;
] 4 4 (,1“_11 W
g
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* Agnosie
= ztrata schopnosti, znalosti

— S.Freud — ne problém senzorti

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

— Poukazuje na specificka centra perceptualniho systému
. .) | -
Wi
) 2

0

o
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b

p)

* Aperceptivni agnhosie
* Neschopnost pojmenovat,
napodobit nebo rozpoznat
objekty prezentované
vizualne.

. Je zachovana schopnost
vnimani barev, identifikace
objektu a nevizualnich
napovedi.

B
1

\, i
o
3

FWOXxI>
edeone

* Asociacni agnhosie
— Porusena identifikace
objektd
— Rozpoznaji objekt, ale ne
mu dat vyznam
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Neschopnost vhimat

pOhyb dlky pOSkOZem . | Figﬁred.zll '.Fa.rthepa:ien
dorzalni vizualni drahy \ appears asif viewed throug|
(V5/ M T) : th2 liquid rise continuously |

seang the liquid jump from

* Pohyb~ série fotografii

* Nevidi pohyb — jako by
ztuhl

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

* slepota ke sloviim

* Agnosie k orientaci objekt(

* Slepota k hloubce

* Slepota ke gestlim

* Slepota k prostredi (rozpoznat v jakém se nachazi prostredi)

* sbératel 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

1

A

AlexNet, 2012 2000, Viola-Jones face

Recent advances in coffiputer vision
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Deep learning

Classical object recognition

Edges

Texture

Colors

Feature extractors

7

Segments

Classifier

Learned

“clown fish”

“clown fish”
- / What do deep nets internally learn?

— ... — “Fish”

@ooogﬁﬁoom
0000800
@] Yelele)

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] 200742012  70.0 0.5
Faster R-CNN VGG-16[15] 200742012  73.2 7
Faster R-CNN ResNet[0] 200742012 764 A

YOLO [14] 200742012 634 45

SSD300 [ 1 1] 200742012 743 46

SSD500[11] 200742012 768 19 -
AlexNet, 2012 Speed/accuracy trade-offs for modern convolutiona
https://papers.nips.cc/paper/4824-imagenet-c| [ object detectors
assification-with-deep- convolutlonal neural ne , Jonathan Huang et. al., 2017 Carldoghicyde coordinates

tworks.pdf atuN; fasags taval 3

ROI Poo

Modul
-

Always 4x4 no
| matter the size

Conv 5 feature map fgc‘;?i';c:date

Recent advances in computer vision

L AUOD
Z AUCD

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

Current frame Conv Layers
Search Region

Crop

Fully-Connected
Layers

il

Predicted location
of target

within search region

Cro
Bl

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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Fight'hit (a per=oa)

Carry/hold (an object)

¥ K W i 1 . Group Dynamics
% i . /\ ‘ . . .
ﬁ} \ . 14 t| |I,sn| | t| T'r.\i | n l..I‘;T.\I | E| |.s]'r_\[ | E| LsT™M | Person Dynamics

\
z
1 |
E\ |

R \gm ""'_-\___ Gmup k-7 j\ ——
5 \ 2% M \ a]]\\ Rumun}
/ Dribbling &Thmw -\'-.'—'\\"" \
i — "\\\\ A \ ) - standing
| . 3
= Basketball Shoot ORLD GRAHD PRIX FRL] UM ¢l [——[ Standi
0 anding

Figure 1: How do we represent actions in a video? We propose Ac-
tionVLAD, a spatio-temporal aggregation of a set of action prim- w

starldin D Setting
D Blocking

itives over the appearance and motion streams of a video. For
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\.

https://blog.qure.ai/notes/deep-learning-for-videos-action-recognition-review
https://towardsdatascience.com/literature-survey-human-action-recognition-cc7c3
818a99a
https://towardsdatascience.com/deep-learning-architectures-for-action-recognition
-83e5061ddf90

Recent advances in computer vision
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https://blog.qure.ai/notes/deep-learning-for-videos-action-recognition-review
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https://towardsdatascience.com/literature-survey-human-action-recognition-cc7c3818a99a
https://towardsdatascience.com/deep-learning-architectures-for-action-recognition-83e5061ddf90
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Objects
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Graph
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3D St_‘-glllt‘-l’lt:. Floor Segmentation
Merging

2D Mask 3D Segment

Point Cloud

CLIP

Per-Frame Segments

Filtering

R Y |ee S
; DB§CAN {ag, B il

Region Segmentation
& Classification

Weighted-Sum
Feature Fusion

=
Fused _ ?
Segment Feature Update Segment-Level Open-Vocabulary

Global Point- Levcl Fcatules Map *«. Feature Object Semantics Natigattonal Graph
Point-Wise Feature Map Creation 4—0.... T Incremental Segment Merging Y@ority Ol . . . o
\ R & Feature Identification ter Moot Hierarchical Scene Graph Construction & Applications
- o’ \

Werby, A., Huang, C., Bichner, M., Valada, A., & Burgard, W. (2024, March). Hierarchical Open-Vocabulary 3D Scene Graphs for Language-Grounded Robot Navigation. In First Workshop on Vision-Language Model
for Navigation and Manipulation at ICRA 2024.
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Recent advances in computer
vision - transfer learning

Pretraining Finetuning Testing
Object recognition Place recognition Place recognition
v|:|—|:|~Fsh” 2 v|:|—|:|» bedroom | “ v|:|-|:|~ ?
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.
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NCCCTL alVvanCcs I COmputer
vision - autoencoders, GANSs,
VAES

O @ [T (®
é o O] 19 |e '
@ . O . O
@—O—O|— o =~ '

o O |@ L
O ) O L Ly
o & Reconstructed

image

Encoder Decoder
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# ]LKL[ = [ Reparametrization J— Ly —ZIIV: SMPL(Ps)” w w ﬁ w ﬁ
—t &=

1
1
Transformer Encoder E Lp= XT: [|P: — ﬁ;HzJ
; t=1
; :
é | EF 3_ |

S \f_’ \f’ ; G:a :
1
| 1

Linear projection

Transformer Decoder J

Pl,',PT _ A
é@ P

i ¢ 7

Linear pro_lectlon

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

nlugc = apple

Monet 7_ Photos : ) Summer 7% Winter

horse —F zebra £ winter —¥ summer

Photograph Van Gogh Cezanne

Recent advances in computer vision
wardsdatascience.com/recent-advances-in-modern-computer-vision-

https://to

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

Labels to Street Scene Labels to Facade BW to Color

input output
e Aerial to Map P

input | output ) input output
Edges to Photo

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
/ "y b
- % o

llu!_
Vitaly Vidmirov @vvid

RS

vy Tasi @ivymyt @ka92

OUTPUT
‘aI

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/

=9

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

Input Video Clip Context Embeddings  Person-specific self-atiention

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 1s *holding hands’ and “watching a person’.

R[S HORI

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

wrench_ring: 0.90

W

\Iq_n_rrench_open: 1.00

rﬁr:tﬂM. w=ANTL = B:172 G:217 BelAd

srcreraieoo N Yolact on our datasets -
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 f visual attention shifts? That is, how it
know where to actually focus its atte~*~~ +~?

b ml:ograunn

Acti- + leakage \‘iﬂ_."| T~ spike
. . ' t. —_—
Event-based vision function — T ddiipaii
{jj'_' a3 —t 14— Q-‘—-—'—r Binary events

Visual attention, Spiking neural net

“_l_l_l_u_.f‘“'

Therefore, it can be said that the core objective
visual attention is to achieve the least possible

spike patiem

"-!:In-l

. . . Poayj, Cany, i
amount of visual information to be processed to B = Povling « ¥
solve complex high-level tasks, e.qg., object s m lE}_&“ S
recognition. ‘.,

ere next? | e

n CHNN (VI "nl in human brain) SNN (IT part in human brain)

https://becominghuman.ai/from-human-vision-to-computer-vision-towards-spiked-based-v
iIsual-intelligence-and-neuromorphic-913e5de21bf9
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Computer vision for embodied

agents

R { Robot model
| e e e e s e R e R e
Smm—
/_ Planning and execution \
°
S
s scene description action sequence
< p
o~ S L
} \J """""""""""""""""
Check what is on the other side of the @ MIESCINEEIROL RSt
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

Agent
Model/Representation | —| Controller |—
Vision |
o
Observations

N~

Environment

~

Actions

>y

Funny looking autoencoder

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

learned shape non-learned renderer

2

Y
\ f 2;; \
el Texture / | el

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

ikl il PaLM-E: An Embodied Multimodal Language Model Ll Ll ull

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

- . . Given <img> Task: Sort
top drawer. | see <img>. 3. Pick the green rice

colors into corners.

chip tt:nag from the drawer and place it on the Control - A: First, grasp yellow block and ... Step 1. Push the green
conmer star to the bottom left.
Visual Q&A, Captioning ... Step 2. Push the green
Describe the following Language Only Tasks circle to the green star.
Given <img>. Q: What's in the <img>:

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.

image? Answer in emojis.

ASAPIPDA

A dog jumping over a
hurdle at a dog show.
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Computer vision for embodied
agents

Video Language Planning
Long Horizon Visual Planning with Tree Search

make a horizontal

_ Video Model as Dynamics Model
—————— line of blocks

text + image — video rollouts of the future

VLM as Text Policies
image — text actions

push red star to green Text-to-Video

PaLM-E

v

Action 1. push red star to left ...

—|= — - Step 1: push red starto left ._ or Step 1: push blue triangle 1o .

Action 2, move green star to ...

Action 3. move arm to yellow ...

-
]
I
I Step 2: {re-plan) Step 2: (re-plan) Step 2: (re-plan)
I

VLM as Heuristic Functions
image — caption # steps left

PaLM-E

l Execute plan from tree search

There are 28 steps left to ...

Gl 28
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Checklist for Comparison Studies Human system Machine system
Foveated Contour Ey Recognition Bag-of- Back- Weight  Adversarial
) ) tiling integration movements gap feature propagation sharing  vulnerability
Isolate implementational or
functional properties ﬁ ﬁ e ﬁ ﬁ Q e
Ex: BaghNets' isolate local feature processing Attention Feedback Robustness Attention Texture bias [eccback
‘\-‘_\-\_ _F'_F?

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

L . - n do

ii.  Distinguish necessary vs. sufficient el ——
Ex: Both shape and texture features are or fa
sufficient but not necessary on ImageNet** Alternative generalization

mechanizsm to?

iv. Test generalization

Ex: Controversial stimuli® are useful out-of-
distribution data that reveal human inductive bias

v. Resisting human bias - S
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-perc
eption/ https://arxiv.org/abs/2004.09406
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https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perception/
https://arxiv.org/abs/2004.09406

o e N

SYALe
\ @
closed
A m,w......-.
contour

/
/ The ResNet neural network was able to detect various open- and closed-contour imaqges, despite having been trained on
/

N

NES

/N

\

-

//—-—-/‘
\

Jf/,<

Can you tell which one of the above images
contains a closed shape?

straight-line examples only.

Comparing human and Al vision

https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perc
eption/ https://arxiv.org/abs/2004.09406
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g > i

50

» 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.

/ - /.\ - - - - Original Adversarial

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

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.

\

v
S
/
v
S
/

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

/ = /\ — I |
_ \/ » 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.
§ |
As our Al systems become more complex, we will have to
V < / 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 vi
Cas e sion systems
are misleading.

Comparing human and Al vision

https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perc
eption/ https://arxiv.org/abs/2004.09406
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E 0504 — Sunglass recognition 1.0 -
5 —— suit, suit of clothes gap
§ 0.25 9 = airliner
= e | i recognition criterion X 0.8 1
224 179 143 ]
2 £ patch size g’ 0.6 - humans
% ' [pixels] 2
! | | r
- - 2 0.4 1
Hullas N 4 a
- 4
K 0.2 4
. D-u
Baghet-33 Baghet-33 algorithms from
on data set from on Imagehet Uman et al.
successive cropping/reduction of resolution until unrecognizable Ullman et al. whfﬂ an their data

Comparing human and Al vision

https://bdtechtalks.com/2020/08/10/computer-vision-deep-learning-vs-human-perc
eption/ https://arxiv.org/abs/2004.09406
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Survailence, face detection X =
Medical imaging - cancer detection, et

Traffi
oality assurar infrared thermoca I . . W o - ') g’&

Quality assurance -

.Sﬁﬂﬁéﬂﬁtdféﬁﬁ@ﬁed—h!;?'wﬂ%ﬂ--ﬂ.

* Invariant object recognition e - E % A = "
 Attention Lol e |
« Emotions, memories http://www.cs.cmu.edu/~stein/BSIFT/example_objects.jp

* 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), Tubingen, Germany.)
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Gestalt = usporadani/forma

* Nesouhlasna reakce na strukturalismus
(Wundt, Titchener)

* Vjem neni pouze agregat element(

* 3D zkusSenost z 2D obrazl — organizace pocitkU
do stabilnich vzor( (I pfes zmény vstupnich
informaci)

vjem jako stavba poskladana
z elementarnich stavebnich
prvki

* ldentifikovali principy perceptualni organizace
— lilustrovali viz.iluzemi, percept.konstantami
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Asociace Casti sceny - obraz (zbytek pozadi)

Ceho si v zorném poli vSimneme --- Strukturovani zorného pole obc¢as
odvadi od pravdy - kamuflaz,
reversibilni, ilusorni kontury, ...

--- Vlastnosti figury

.....
Tt
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* Figura * Pozadi

— blizka — vzdalené

— ohraniCena — spojité

— detailni — povsSechné
— urcita — neostré

— nasycena — splyvajici

— uzavrena — uzavirajicl
— symetricka — bez symetrie

Percepcni rozdily mezi figurou a pozadim

Ostrost kontur, pfinalezi k figure, sytéjSi barvy
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Tendence mozku nalézt ve t.Sablon X t.rysu

vstupnich datech vzor (globalni vs. lokalni vyhledavani —-M a P b.)
A Ambiguous pattern
eeoo0oe Kontury — napovedi pro
oo oo00 hrany objektu
oo o000 e O
oo o000
oo o000
oo 00 o0e

B Similarity C Proximity

el Jel e ® o o 0 o
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000 eecccoe velikosti

)

O @0
Ol e
O ® 0O

0O @0 e
® O

O @«
0 @

]
)
O

O @
0@

o000 OOO® 1 < >
S <



Z nelplnych kontur vidime jasné objekt
Neexistujici kontury

BlizSi zakryvaji vzdaleng;si

Vzor v jinak nevztazenych tvarech,
pokud tvary vidény jako Casti prekrytého
objektu

* Jen 1 zdroj svétla

A B
b B il
o | " ‘
— L o -
- - r.
i ’--.‘:\.'-. i &
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Velikost objektu vnimame dle ostatnich objekt(l ve scéné
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Blizkost

* * e
Blizké :.'. .'.'
predmety/elementy *o . '.
mame sklon si pfi oo
vhimani shlukovat. : :-:
& L ]
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klon si spojovat

V4

Podobnost
Podobné predmety/elementy
mame s
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Vhodné —

pokracdovani . et
Pfedméty/elementy . . 5
navazujici na predesly s 7 e
trend mame sklon
sdruzovat

(a)

Q@ @Q
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o © ® 0o ®

SpolecCny @ CDQ @ ©C>
® ©® o4 o

osud S o @

o 00 %,

Predmety/elementy
se spolecnym
pohybem (smeérem,
rychlosti) mame sklon
Si spojovat.
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Uzavrieni ’ ’
] 4 Y4

(R

Predmeéty/elementy
vytycené ne do
posledniho detailu
mame sklon ucelovat.
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* Spis nez zakony to jsou inklinace, tendence

* VSechny zakony odrazi obecnou lidskou tendenci k
preferovani jednodussiho, pravidelnéjsiho,
predvidatelnéjsSiho, stabilnéjSiho ... prosté lepsiho tvaru =
Pragnanz

* Nicméné nevylucuiji lidskou flexibilitu a schopnost
adaptovat se i na necekané
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* Gestalt “zakony” nepopisuji proces vnimani
» Jsou to deskripce percepcniho déni

* Vypovidaji o lidskeé tendenci,
uprednostnovani pravidelnosti svéta

* V mnoha situacich nelze specifikovat, co je
lepSi nebo pravidelngjsi

 Lidska schopnost vyporadat se s
nepravidelnostmi a jinymi nedostatky
sledované scenerie
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Teorie integrace vlastnosti (Treismanova)
Vypocetni model (Marr)

Rozpoznavani prostrednictvim komponent
(Biederman)

KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 23.10.2024, KA
RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ



|dentifikace
“Primitives”

Slouceni -
“Primitives” - Srovnani
T 1> oObrazu
S pameti
|

Anne , Rozpoznani
Treismanova objektu

< aWea aVWaVWea
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Preatentivni Zamerené

stadium stadium

Dekomposice

obrazu.  Seskladania |
spolecné

D,e tekce, zpracovani

zakladmczh iInformaci z

vIagtn_qs t jednotlivych

(“primitives”). kanaldl.

Pamet

Konfrontace
vzniklého

0]
)
u

orazu s
orazy

ozenymi v

pameti.
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2
Primitives
* Barva
* Jas

Identifikace * Pohyb

“Primitives” * Zakriveni

* Orientace

e Zakonceni

/

Slouceni
“Primitives”
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End of lire

——Line cram@aticn
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Feature Integration Theory (Treisman)

Object . Object N
Perception Recognition
Attentional
Spotlight

Master Map
of Locations

/ Color )( Oﬁentw Motion

Fenture \/Curvature / Depth /

Maps \\ ///

B | Stimulus Pattern
(Visual Scene)
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v Module 1
oy - —
e
X,
& Module 2
ﬁ (/1'2 Y X,
% (X1< ¥,
]
< X4
= Module : ;
ag '\._X’ 3
B
network |
Task Integration
. Subnetwork
Input RBF allocation output

Fio 1. Sirurtiire nf OSAMNN

https://vtechworks.lib.vt.edu/bitstream/handle/109
19/27998/etd.pdf?sequence=1&isAllowed=y
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Low-level Visual

Input Images

Clobal Sense

Concatenate
Feature Maps

Channel-wise
Attention
Module

T

Logic
Regression

(Classification
Result

Middle-level Visnal

Representation Representation
Local Sense Local Sense
Channel-wise Channel-wise
L > —»{ Attention —p  Attention
Module Module
VGG Block VGG Block

High-level Visual
Representation

VGG Block

Local Sense

Channel-wise
Attention
Module

Figure 2. Structure design of attention neural network, where VGG block is designed to extract feature
map, channel-wise attention module is utilized to involve channel-wise context information, and

multi-layers of attention modules are used to build hierarchy structure.
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T-Funguses

9= hl

(b) Low-level Visual () Middle-level Visual (d) High-level Visual (N Low-level Visual (g) Middle-level Visual (h) High-level Visual
(a) Input Image Representation Representation Representation (¢) Input lmage Representation Representation Representation

Figure 3. Input samples and corresponding intermediate results for low-, middle-, and high-level
visual representations of feature maps extracted by the proposed network.
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Input Attention maps Weighted average of the values Output

! I 1 . 1

/" H Head, Head,

Values

Standard convolution

The attention model run in parallel to the convolution operation. The blue/pink and orange/green maps represent the different results
for each head. (Image: Bello et al))

https://www.lyrn.ai/2019/05/03/attention-augmente
d-convolutional-networks/

https://arxiv.org/pdf/1706.03762.pdf
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Marriv model

"...trying to understand perception by studying only neurons is like
trying to understand bird flight by studying only feathers. It cannot
be done" - David Marr (1982/2010, p. 27)

source:
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Rozpoznavani
ve trech
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Hruby nacrt | 2.5-D nacCrt | 3-D nacrt

Nalezeni oblasti |, naokonstrukce | ¢ Rozpoznani

diskontinuity v treti dimenze. objektu z
Intensité sveétla. . libovolného
o e Zavislost na
Indikuji kontury. I §
J y momentalni Uh“f' ]
* Vztah mezi podobé. * Definovan
konturami. vztah vzhledem

] ] k pozorovateli.
* Hotovy prvotni

nacrtek je

KARLA STEPANC VA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 2: 10.2024, KA

RLA.STEPANOV/ @CVUT.CZ, WWW.KARLASTEPANOVA.CZ



KARLA STEPANOVA: COGNITIVE SYSTEMS (PERC N:VISION),
RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ




KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 23.10.2024, KA
RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ




KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 23.10.2024, KA
RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ




3D nacrt
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Viewer centred Object centred

[
| Input Primal 2 1/2-D : 3—-D Model
Image Sketch Sketch Representation
Zero crossings, Local surface 3—D models
gty [0 blobs,edges, | . u%'ientat'iﬂn' z?md o hierarf:hicz'illy
: i bars, ends, discontinuities organised in
Intensities virtual lines, in depth and in terms of surface
groups, curves surface and volumetric
boundaries. orientation shape primitives
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Viewer centred Object centred

Inpot Prigpal 2113-D 3D Model 1.Image-based Processing (low lev
Image Sketch Sketch Representation 2 Sur face base d Processin
Zero crossings, Local surface 3-D models ’ - - g
S— blobs,edges, orientation and hierarchically 3-Oblect'based PrOCESSlng
Sy T bars, ends, discontinuities organised in = =
intensities | | ol ines. g | | sssssobsmtis 4.Category-based Processing (higt
groups, curves surface and volumetric
boundaries. orientation shape primitives
R T e 1
Image ' Concopuial
| T — Pre-processing * Segmentation [+ Representation [* Classification [{# Understandingof | !
Acquisition !| Visual Information | |
Low-Level Vision ’ Intermediate Level Vision || High-Level Vision |

___________________________________________________________________________________________________________________________________________________________________________

Fig. 1 —Block diagram of a typical cognitive vision system
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Partiol Tenlalive Geon Set Based on Nonaccidentolness Relolions
CROSS SECTION

Irving
Biederman

(1987)
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Objekty poznavame tak, ze detekujeme jednoduche 3-D
tvary a nalezneme vztah mezi nimi panujici

Primitives se liSi v geometrickych vlastnostech
Jejich kombinaci vznik& spousta tvart - objekt(

Predpoklad plné automatisace (heslo: uspornost
vnimani) — neni misto pro vliv zkusenosti
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cylinder
limb quadruped biped bird
':IF:_:‘:;:; Eires human ostrich
w i\
- thin dove
e giraffe o
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Geons

Geons Objects

1/23/02 Pattern Recognition 1
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Percepce a vnimani

* Jaky je mezi nimi rozdil?
* Percepce je ¢innost smyslovych organti.
* Vnimani je proces rozpoznani, organizace a

KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 23.10.2024, KA

RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ



* Perceptualni konstanty
— Objekt ziistava identicky
prestoze je vniman odlisne.
¢ Priklad:

— Twvarova konstanta
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» Napovédi pfi vnimani hloubky
» Obrazové
» Vzajemna pozice
» Velikost
» Gradient textury
» Linearni perspektiva
» Pohybové
> Binokularni

KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 23.10.2024, KA
RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ



KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 23.10.2024, KA
RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ




Velikost

J:ﬁlii‘l‘.uﬂ,

A .

7
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https://www.youtube.com/watch?v=vhoSqSHMIAc
https://www.youtube.com/watch?v=vhoSqSHMIAc
http://youtu.be/gJhyu6nlGt8
http://youtu.be/gJhyu6nlGt8
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» Pohybova paralaxa- Béhem pohybu se
okolni objekty pohybuji rozdilnou rychlosti
vzhledem ke vzdalenosti od pozorovatele

KARLA STEPANOVA: COGNITIVE SYSTEMS (PH
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» Binokularni disparita — o¢i jsou od sebe
vzdaleny asi 8 cm a vytvareji dva odlisne

I 44

pohledy na okoli. Z nich mozek vytvari 3D
predstavu.

Binocular

> Palce za sebou Hisparify

> Stereogramy

http://www.netaxs.com/~mhmyers/rds-ex.htm
|
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* Prime teorie vnimani
— Vnima vznika na zakladé informaci z prostredi
— Zpracovani zdola nahoru
— Césti jsou identifikovany, slozeny dohromady a
rozpoznany
* Konstruktivni teorie vnimani
— Lide aktivné konstruuji své vjemy na zaklade
oCekavani
— Zpracovani zhora dolu
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* VSechny informace nutné ke tvorbé vjemu jsou
obsazeny v prostredi

* Vnimani je okamzite a spontanni

* Nenl potreba zpracovani shora

* Vnimani a jednani nelze oddélit

V"4

* Vnimani determinuje jednani a to vytvari nove
podneéty pro vnimani
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Par otazek

» Pokud si ¢lovék zapamatoval néjakou informaci opily,
bude si ji lépe vybavovat v opilosti nez za strizliva.

» Ano — Vyzkum uceni zavislého na situaci dokazuje vliv
prostredl na proces zapamatovani a vybavovani informaci.
Pokud obé probihaji ve stejném kontextu, je vysledek lepsi.

KARLA STEPANOVA: COGNITIVE SYSTEMS (PERCEPTION:VISION), 23.10.2024, KA
RLA.STEPANOVA@CVUT.CZ, WWW.KARLASTEPANOVA.CZ



Par otazek

» Pozpatku nahrané zpravy umisténé v hudebni nahravce
ovliviiuji chovani posluchace.

» Ne — Nebylo prokazéano ptisobeni téchto zprav na chovani
posluchace .
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Par otazek

» Technika rychlého ¢teni mize zvysit schopnost &teni
textu, pri zachovani porozumeni Ctenemu.

» Ne— Vykonnost pfi ¢teni je ovlivnéna faktory rychlosti a
presnosti. Cim rychleji ¢teme, tim men3i pfesnost v
pochopeni. Nékteré techniky mohou rychlost Cteni pouze
mirné zvysit.
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Par otazek

» Freudova technika volnych asociaci ndm poskytuje
informace o organizaci pameéti.

» Ano — Metoda je podobna sémantickému primingu,
zalozenem na teorii Sireni aktivace. Vyzkumy nam mohou
odhalit individualni rozdily v organizaci pameéti
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Par otazek

» Reklama pouzivajici podprahové vnimani je velmi
efektivni.

» Ne —Efekt podprahového vniméni je minimalni. Vyzkumy
neprokazaly vyznamny rozdil oproti klasickeé prezentaci.
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Par otazek

» Kapacita dlouhodobé paméti je neomezena.

» Ano — Nikomu se dosud nepovedlo zaplnit svou
dlouhodobou pamét’. Existuji omezeni pri zapamatovani
informaci, zptisobené omezenou pozornosti, ale material v
dlouhodobe pameéti je ulozen nastalo, pokud nedojde k
posSkozeni mozku.
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Par otazek

» Rozdil mezi 500 K¢& a 1000 K¢ je psychologicky vétsi nez
rozdil mezi 10500 K¢ a 11000 Kc.

» Ano — mentalni reprezentace velikosti je v horni ¢asti
Skaly zhusStena, proto je rozdil jiny, prestoze se jedna o
matematicky stejnou hodnotu.
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Par otazek

» JestliZe je nékdo slepy na jedno oko, nemtiZe vnimat
hloubku.

» Ne — existuji napovédy pfi vnimani (velikost, vzdjemna
pozice, atmosfeéricka perspektiva), které poskytuji
informaci o hloubce.
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