Al a pamet

\lereni podobnosti fotogratii pomoci

Konvolucnich siti
Jiri Lukavsky
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Problem

V kterém paru JSOu Si

fotografie podobne|si?




Mereni podobnosti fotogratfii

x Proc”? Motivace
x Jak”? Metoda
® [akze”? Priklady

® Ale... Diskuze



Proc”?

Mereni pomaha
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Delayed estimation paradigm

Sample (200 ms)

/hang & Luck (2011)



Hodnoceni (ratings)

® “Jeplota scény”

Fig. 1. A schematic illustration of the hierarchical grouping task of Experiment 1. Here, a ranking along the global property
temperature is portrayed. (a) The images are divided into two groups with the “colder” scenes on the left and the “warmer”
scenes on the right. (b) Finer rankings are created by dividing the two initial groups into two subgroups. (c) Images in each
quadrant are again divided into two subgroups to create a total of eight groups, ranked from the “coldest” scenes to the
“hottest” scenes.

Greene & Oliva (2009)



Pseudoslova

® MK - pilk, malk, mirk, mip

x Ktere je lepsi?
® | [dské hodnoceni

® Edit distance / sousede, bigram frequency

Keuleers & Brysbaert (2010)



Asoclacni normy

® | epe zachycuji vyznam

x \/yzaduji narocny sber dat

Response

boy
child
cry
mother
girl
small
infant
cute
little
blue
diapers
crib
crying
bed
sitter

Jenkins (1970)



Shrnuti — mereni

® \/yznam |e lepsi nez formalni podobnost

x Chceme rozsiritelnost na nove podnety



Proc”?

Potencial
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Kolik objektu pojme lidska mysl?

Odlisne kategorie Stejne kategorie  Stejny objekt

x 2500 fotografii objektu
eiaie
® Detekce opakovani

x 2AFC pamétovy test

Brady et al. (2008)



Skvéla pamét
na fotografie
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Recognition Memory Performance

96

x Netyka se jen izolovanych objektu 3

x 2800 fotogratii za 5.5 h

x OdliSné pocty zastupcu
kazdeé kategorie

Novel 16

Condition Exemplar Conditions

Konkle et al. (2010)



Recognition Memory Performance

ProC se nam obrazky
v pameti pletou?

84 80 e

Novel 4 16 64

Condition Exemplar Conditions

x \ice zastupcu = horsi pamét

» Vyznam nebo vizualni podobnost? Mohou se nam plést ruzné kategorie?




INnformace
Vv jedné fotografil

x 256x256 pixelu, 8 bitu/pixel ...

x 1()150000

®x Ale vetsina




Vletatora Hash-table

keys buckets entries
John Smith
G . hn Smith :
® Pouzivana pro odhad kapacity Lisa Smith 9] John Smith | 5211234
dlouhodolbé pameti Sam Doe "

Sandra Dee
o Ted Baker | 418-4165

Ted Baker

Landauer (19806)



Hash-table demo

.

& M

\ J

-

AR A




Hash table demo
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® | andauer (1986)
® \/ychazi z predeslych studii (fotografie, slova, ...)
» Sleduje podet podnétu a procenta chyb

x Odhad kapacity pameti (pro odpovidajici cetnosti kolizi)

b =-log,(1 - 2p - 1))
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Convolutional neural networks

AlexNet, 8 layers

ZF, 8 layers

_ VGG, 19 layers

GoogleNet, 22 layers
16%

ResNet, 152 layers
I 12% | (Ensemble)

shallow dee
—-—-——» 100% accuracy and reliability not realistic

2010 2011 2012 2013 2014 2015 2016 2017

= Traditional computer vision
_ Deep learnmg computer ision

; ImageNet Large Scale Vlsua\ Reoognltlon Cha\lenge



Architektura

. AlexNet / Places CNN

® Places - pre-trained CNN (Zhou et al., 2014,
2M fotografii, 205 kategorii
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arové srovnani podobnost| mm

[nput
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CNN vs Brain

» Predpokladame zkusenost u obou systemu

» CNN trénovana ke kategorizaci objekti/scén %

x Vozek trénuje Ce‘y Zivot G

« Viz Cichy & Kaiser (2019)

Google Blog (2012)
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Takze”?
Priklady

SUTTON HOO HELMET ¢, AD 600
ANGLO-SAXON/THE BRITISH MUSEUM




Priklady

x Podobnost a pamétovy vykon (Lukavsky & Déchtérenko, 2017)
x \/izualni analogie DRM paradigmatu (Déchtérenko, Lukavsky, Stipl, 2021)

®x Predvidani change-blindness obtiznosti (unpublished)



Podobnost a pamétovy vykon

x Korelacni studie zameérena na pamet na fotografie a vizualni podobnost
® 3 experimenty (N = 3x40)

x 400 az 960 obrazku vybranych ze sady 2048 obrazku

®x 04 kategorii

x Pamétovy test (“old/new”)

Atten Percept Psychophys (2017) 79:2044-2054 " ' ’ CrossMark
DOI 10.3758/s13414-017-1375-9

Visual properties and memorising scenes: Effects of image-space
sparseness and uniformity

Jifi Lukavsky ' & - Filip Déchtérenko '
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Similarity space

closet

cavern

® \elké mnozstvi dimenzi

x Rika distribuce/vzdalenost obrazkd
néco o pamétovém vykonu?
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MDS Coordinate 2
uniformity

(low)

amusementpark

" MDS Coordinate 1 (low)  sparseness  (high)




remembered

, Photographs in
yS e y sparse areas better

-0.39; +0.12); n.s.

sensitivity d'
sensitivity d

(high)

2.5 2.0 1.5 -1.0 0.25 0.50 0.75
image-space sparseness image-space uniformity

[-0.13: -0.03]: p = .005 | [-0.80: -0.54]: p < .001
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criterion ¢

(low)

-2.5 -2.0 -1.5 -1.0 0.25 0.50 0.75
Image-space sparseness image-space uniformity

(low) sparseness (high) UniformityI leads to false
alarms



Svadeni lidi k chybam

x \isual version of DRM paradigm
x DRM: 12 sloyv, vSechny silneé asociovang, chybi centralni asociace
® nemocny, sestricka, lek, nemocnice, chirurg, ... (doktor)

x Da se néco takoveho zopakovat s obrazky?

Vision Research

| SEVIER journal homepage: www.elsevier.com/locatelvisres

False memories for scenes using the DRM paradigm

(Deese, 1959; Roediger & McDermott, 1999) e Dt T Lk, 0Bl
Y nsnture af Msychalagy. Crech Academy af Scienens, Hyvhoamnshd 8, 100080 Progiae, Crech Repuflic
, , , b Fm'.h'-‘.’:rf n_l'r.-'lﬂf_, Charies Lhwersity, r.n‘f-mds;w. 11 4X) y anth

! g, Ceech Repuhiie



\ybér obrazku

type

close distractors
. far distractor

targets

Fig. 5. Schema of the experimental design. Each point denotes one scene. Blue
dots are randomly selected targets from the closer group and shaded areas
represent virtual polygons formed by the targets. Red dots represent close
distractors selected as the closest exemplars to the center of the targets. Green
dots represent far distractors selected from the farther scenes. (For interpreta-
tion of the references to color in this figure legend, the reader is referred to the
web version of this article.)



training block (n=15) testing block (5 + 5 + 5)
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Podnety

not at all sure very sure
somewhat sure

targets

close distractors

far distractors




Vysledky

Correctly
recognised

A
K

Correctly rejected
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Fig. 5. Schema of the experimental design. Each point denotes one scene. Blue
dots are randomly selected targets from the closer group and shaded areas
represent virtual polygons formed by the targets. Red dots represent close
distractors selected as the closest exemplars to the center of the targets. Green

dots represent far distractors selected from the farther scenes. (For interpreta- close distractor far distractor target
tion of the references to color in this figure legend, the reader is referred to the Type

web version of this article.)




Change detection







Faktory ovlivhujici vykon

CENTRAL CHANGE

® Slaby nebo zadny efekt difficult

x \elikost

® Ekcentricita

® \/zdalenost od hlavni figury

FAR CHANGE

Utochkin (2011)



Change detection

x CBDatabase
x 128 paru, N=13

x 1024x768

x CBmemo
« 128 part, N=40

x /00x/700

(CBDatabase - Sareen, Ehinger & Wolfe, 2015)



Promenneé

x (Graficke faktory
®x Plocha
® kcentricita
®x /mena obsahu

x | 2 distance pres PlacesCNN




Je mozné predvidat casy detekce
z rozdilu obrazku?

x r=-0.460 (R° = 0.209)

® | epsi prediktor nez plocha zmeny nebo
ekcentricita (R* = 0.077)

x \elké mnozstvi nevysvetlené variability
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Ale. ..

Diskuze




AlexNet e stredovek!

®x AlexNet je jen jedna z moznosti

®x Nestavime na specifickych viastnostech
AlexNetu

®x Pouze predpokladame existenci vrstev a jejich hierarchii
» Rada vysledkd je replikovatelna pomoci jinych pristupd

x GIST, jiné vrstvy



Tyto site byly trénovany
Za |Inym ucelem

®x Naucené vzorce |Sou uzitecne | tak

® [ransfer learning, fine-tuning



Jsou lidé ovlivhéni prezentaci obrazu
nebo existenci obrazu?

Photographs in
sparse areas better
remembered

x Exp. 1 a2 selisily v poCtu prezentovanych
fotografii

x 400 — 960 obrazku
ze sady 2048 obrazku

®x Replikovana hlavni zjisteni

Uniformity leads to false
alarms



Neni mnozstvi false alarms
ve Photo DRM experimentu porad dost nizké"?

Correctly

Correctly rejected .
recognised

Table 1

Recognition Results for Experiment 1: The Proportion of Items
Classified As Sure Old (a Rating of 4), Probably Old (3),
Probably New (2), or Sure New (1) and the Mean Ratings of
Items As a Function of Study Status

Old New Mean

Study status 3 2 rating

Studied . 11 09 . 3.6
Nonstudied
Unrelated lure : 02 18 : 1.2
Weakly related lure . 17 35 . 1.8
Critical lure : 26 08 . 3.3
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close distractor feilz;Fi)séractor target ROedlger & MCDermOtt (1 995)



Shrnuti

® Similarity-space mereny pomoci predtrénované CNN je relevantni pro lidsky
pamétovy vykon

® [Fotografie v ridkych oblastech se lepe pamatuiji
®  Uniformita vede K false alarms
x Umoznuje predikci chyb/FA (DRM)

®x  Omezene pouzitl pro jlemna srovnhani (Change detection)



Diky
Za pozornost

ukavsky@praha.psu.cas.cz
@jlukavsky
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