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O PREDMETU: KARTA POJMOVA

Tehni¢ke znanosti
Racdunarstvo

Radunarska znanost

Umijetna inteligencija:
0 tehnicki sustavi za poslove koje ljudi obavljaju bolje od strojeva

Racunalni vid:
O razumijeti procese strojne percepcije i spoznaje

0 stvoriti novu vrijednost kroz napredne usluge
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O PREDMETU: RACUNALNI VID
Prou¢avamo tehnike za izlu€ivanje korisnih informacija iz slika

Dva glavna pristupa prema tom cilju:

O raspoznavanje: nauciti izlugiti simbolic¢ku
informaciju: ima li objekta na (x,y)?

O rekonstrukcija: procijeniti numeri¢ku
informaciju vezanu uz geometriju:
struktura scene, gibanje kamere, ...
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O PREDMETU: METODE

Oba pristupa koriste naprednu optimizaciju:
O raspoznavanje: optimirati preslikavanje slika u vjerojatnosti
o kriterij: uspjeh na skupu za u€enje (+ regularizacija...)

o optimizacija tijekom uéenija, (relativno) jednostavno zakljudivanje
o pronalaZenje objekata, klasificiranje objekata, klasificiranje slika
o krajnji cilj kognitivhog vida: razumijeti sliku

0 rekonstrukcija: optimirati geometrijski model
o kriterij: slaganje s mjerenjima u slici
o nema ucenja, optimizacija se provodi tijekom "zakljucivanja"
o Cesto trebamo viSe od jedne slike

Fokus ovog kolegija je raspoznavanje:
0 klju€: izlugiti kvalitetne slikovne reprezentacije

0 danas to provodimo modelima strojnog ucenja
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O PREDMETU: VRIJEME
Sve donedavno, raspoznavanje u "divljini" je bilo akademska diciplina
0 primjenljivi rezultati dobivani su samo u laboratorijskim uvjetima

0 medutim, vrijedan rad doveo je do fascinantnog napretka

Danas je kognitivni vid tehnologija s jasnom industrijskom vrijedno$éu

0 Google, Facebook, Intel, Microsoft, Nvidia, i mnogi kineski giganti
u podrucje ulazu milijarde dolara

0 Google kupio DeepMind for 0.6 B$ (2014)
0 Intel kupio MobileEye for 15.3 B$ (2017)
0 NVidia investirala 20 M$ in TuSimple (2017)

Pogledajmo zasto je kognitivni vid toliko zanimljiv!
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PRIMJENE: AUTONOMNA VOZILA

s RIGHT REARWARD VEHICLE CAMERA

https://www.youtube.com/watch?v=9ydhDQalL AqM
Drustvo automobilskih proizvodaca definira 6 razina autonomije (2014)
0 Teslin autopilot zadovoljava razinu 2 (2016).

O Prototipi razine 4 ve¢ su na cestama: Google, Tesla, Uber, Audi,
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PRIMJENE: DIJAGNOSTIKA BEZ LIJECNIKA
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by showing it thousands
pictures of skin conditions.

http://www.nature.com/nature/journal/v542/n7639/abs/nature21056.html

Esteva et al. Dermatologist-level classification of skin cancer with deep neural
networks. Nature 542, 115-118 (02 February 2017)
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PRIMJENE: DUCAN BEZ BLAGAJNI

https://www.youtube.com/watch?v=JgOpQaV44I8

Amazon Go, 2131 7th Ave, Seattle, WA.

Uvod — Primjene (2) 8/55



PRIMJENE: UPLATNICE BEZ SALTERA...

https://www.youtube.com/watch?v=0Xn9NuUmhDM

https://www.youtube.com/watch?v=XlbVB50mIh4

...l rjieSavanje matematic¢kih zadataka (s postupkom!)
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PRIMJENE: PROJEKCIJE | PROGNOZE

,"\. -
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https://www.tractica.com/
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PLAN

1. Uvod i motivacija
o pristupi strojnog gledanja, primjene
2. Pogled unatrag: klasi¢ni racunalni vid
o o digitalnim slikama, vaZzna postignuéa
3. Klasifikacija slike
o pristupi, prednosti, nedostatci
4. Duboki konvolucijski modeli
o arhitekture, slojevi, kod

5. Sklopovska podrska, trendovi razvoja

6. ZakljuCak
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DIGITALNE SLIKE: STVARANJE
Digitalna kamera ima &etiri glavna elementa:
1. senzor: a pravokutno polje osjetilnih elemenata (— pixeli!)

2. otvor: rupica koja propusta svjetlost na senzor
o osjetilne elemente pobuduju odgovarajudi uski snopovi svjetlosti

3. leca: uredaj za prikupljanje svjetla (osigurava jaci signal)

4. zatvaraC: osigurava da ekspozicija traje djeli¢ sekunde

N

Za slike u boji treba nam malo sloZeniji sustav
0 npr. tri prepletena filtra, tri senzora i sustav ogledala
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DIGITALNE SLIKE

Tako, svaka digitalna slika je pravokutno polje piksela
o dimenzije (retci x stupci) ovise 0 senzoru

Ako sliku dovoljno povec¢amo, pikseli postaju vidljivi:

Ako se to ne dogodi, znaci da vas program za prikazivanje slika vara :-)
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DIGITALNE SLIKE: STRUKTURA

Ako se radi o slici u boji, svaku piknju opisujemo trojkom (R, G, B).

Takvu slike predstavljamo tenzorom HxW x3:

i

ST ]

Ispeglani tenzor moZzemo smijestiti u memoriju kao polje H-W-3 brojeva:

R11 Bll Rlz B12 oo 500 a0 RHW BHW

Sliku od 200x 200 piksela mozemo predstaviti 120000-D vektorom.
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POGLED UNATRAG: POCETAK (1966)
Odmah nakon pojave digitalnih slika postavilo se logi¢no pitanje:

0 moze li racunalo analizirajudi sliku razumijeti svijet?
1966 godina: jedan americki profesor predlaze diplomandu da napiSe
program koji e ispisati §to ima u slici.
Taj zadatak je bio ispred svog vremena: problem je mnogo godina
ostao nerijeSen unato€ vrijednom radu mnogih ljudi...

Razumijevanje problema raslo je polako ali ustrajno, ukratko éemo
ponoviti glavna postignuéa
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POGLED UNATRAG: KLASIFIKACIJA OBJEKATA (1991)

Recept za klasificiranje poravnatih slika lica [turk91cvpr]:
0 slike se tretiraju kao visokodimenzionalni podatci

0 hypotetizira se da slike nastanjuju nizedimenzionalni prostor lica
0 uci se linearna projekcija na prostor lica (podatci za ucenje!)

0 provodi se raspoznavanje na reprezentaciji slike u prostoru lica
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POGLED UNATRAG: PRONALAZENJE OBJEKATA (2001)

Jednostavni objekti, stvarno vrijeme [violaO1cvpr]:
0 pronalaZzenje se tretira kao binarna klasifikacija u pomi¢nom oknu

O klasifikator se uci kao kaskada sve strozih detektora
0 pojedine razine kaskade kombiniraju jednostavne znacajke

0 mogucénost klasificiranja preko 100000 okana na 25 Hz
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[violaO1cvpr]
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POGLED UNATRAG: PRONALAZENJE OBJEKATA (2005)
Nesto slozeniji objekti [dalal05cvpr]:

O reprezentirati okna ru¢no dizajniranim ’
lokalnim opisnikom (HOG)

0 linearna klasifikacija okana

0 mocniji i sporiji od [violaO1cvpr]

[dallal05cvpr]

Povezivanje posljednjih dvaju pristupa omogucéava pouzdano
pronalazenje prometnih znakova:

[segvic14mva]
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POGLED UNATRAG: KLASIFIKACIJA SLIKA (2004)

Recept za raspoznavanje neporavnatih slika [csurkaO4eccv]:
0 kodirati izgled okana ru€no dizajniranim zna€ajkama (SIFT)
0 nauciti diskretni rjeCnik opisnika okana (slikovne rijeci)
O reprezentirati slike kao histograme slikovih rijeci

0 klasificirati slikovne reprezentacije plitkim klasifikatorom

‘g T | Object |— Bag of ‘words’
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[fergus09iccv]
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MODERNO VRIJEME: JUCER
Konacno, svi su saznali da je vid tezak...

WHEN A USER TAKES A PHOTO,

2014: popularna kultura predstavlja racu- | THE APP SHOULD CHECK WHETHER
THEYRE IN A NATIONAL PRRK ..

nalni vid kao nemogucu misiju... SURE EASY GIS LOOKLR
0 zakljugiti sadrzi li slika pticu? G”"”“FE””W-
.. AND CHECK UHETHER
'I'H'E PHOTD IS OF A BIRD.

0 pa, s istrazivackom ekipom i pet
ILL NEEDA RESEHRCH

godina - mozda... TEAM AND nﬁm
Medutim, od 1966 smo prevalili veliki put:
0 pouzdana detekcija ptica moguca jos
2010 (s istrazivaCkom ekipom)

0 danasnja metodologija i alati
IN CS, IT CAN BE HARD TO EXPLAIN

omogucuju nam da takve probleme THE DIFFERENCE BETWEEN THE EASY

I p AND THE VIRTUALLY IMPOSSIBLE.
rijeSimo kod kuce! hitps://xked.com/1425 24.09.2014
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MODERNO VRIJEME: DANAS

Tako, mjesec dana nakon XKCD 1425, Flickr ponosno javlja:

0 rijeSili smo problem "park or bird"...

O ...u manje od pet godina :-)

PARK or BRD

RK? BRD?

YES - NO

nﬂ!{'%

https://code.flickr.net/2014/10/20/introducing-flickr-park-or-bird/

Probleme u raCunarskoj znanosti lako je i potcijeniti i precijeniti :-)
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KLASIFIKACIJA SLIKA: PROBLEM

Image classification is the ultimate recognition problem

Consider the problem of discriminating bison from oxen:

[image-net.org]
Hard because we do not know where is the defining object

Especially hard when intra-class variance is large and inter-class
variance is small
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KLASIFIKACIJA SLIKA: RULE-BASED APPROACH

We could try to solve image classification by a rule-based system:
1. concentrate on image regions projected from four legged animals
2. oxen have longer horns or no horns at all

3. bison are dark brown, etc, etc

It's neat (no learning!), but nobody succeeded to make that work!

image-net.org]
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KLASIFIKACIJA SLIKA: LEARNING

Hence, we look up approaches which are able to learn functionality
from the data

A machine learning approach would roughly follow the following steps:
1. express the program with many free parameters
o the parameters determine a transformation which we call the model

2. fit parameters on the training set

3. evaluate performance on the test set

Success depends on the model, training set and processing power

1. model may have insuficient (or excessive) capacity
2. the training set may be too small or not representative enough

3. insufficient processing power = the training may not converge
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KLASIFIKACIJA SLIKA: SHALLOW CLASSIFICATION

Transformation: data — decision
1. one linear projection
2. optional squashing non-linearity

An example in 2D: y; = o(w ' x + b)

Advantages of shallow models:
0 the best solution is guaranteed and fast

O this is the best approach when classes are linearly separable

Unfortunately, shallow models are a poor fit for image classification:
0 the model can only learn a lookup table

0 applicable only for very simple tasks (eg. 88% on MNIST)

0 insufficient capacity, tendency to underfit
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KLASIFIKACIJA SLIKA: DATA REPRESENTATION

Classification can profit from good representation:

O it would be easy to discriminate bison from oxen if
some magical algorithm converted the input
image into a binary vector:

[fur?, small horn?, wilderness?, ...] B, '1‘1«'

O most bison would be: [1, 1, 1, ...] .ﬁ:

v ”vv;

O most oxen would be: [0, 0, 0, ...] . ,{‘j.-‘;’,
Hand crafting quality representation is hard: [goodfellow1e]

0 Greek and Romans did not invent 0 in 1000 years of civilization

O that significantly hindered the development of maths
0 MCMLXXI + XXIX = ?

o MXXIV:LXIV =7?

A lot of hard work of smart people went into feature engineering
Stanje tehnike — Klasifikacija slika (4) 26/55



KLASIFIKACIJA SLIKA: BAG OF WORDS

Early image classification approaches (BOW) had three layers:

1. describe patches with hand-crafted feature descriptors

2. learn a visual dictionary (a collection of visual words)

3. map patches into visual words, and aggregate them into a

histogram

4. classify image descriptors with a shallow model

5. can be viewed as a kernel approach with explicit embedding

= . . g me
Wby e

anlugps

&l L

Region selection

Region appearance  Region appearance  Image features from

coding region appearance codes
[krapac11phd]
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KLASIFIKACIJA SLIKA: COMPOSITIONAL PARADIGM

Deep model: a sequence of learned non-linear transformations

lX
9,
—»
Why deep learning was not successful? f,(x.0,)
h
O no guarantee of the learning success e v
.,
0 non-competitive performance f:(h1,©,)
h
@3 \ §
Why deep learning became popular? ™ ,(hy0,)
O better modeling and training h,
e A4
O large datasets (n=10°) — f,(h3,0,)

0 processing power (TFLOPS)
p(ox|x) p(bison|x)
Suitable for articulated data: images, language, speech,

bIOInformatICS Stanje tehnike — Klasifikacija slika (6) 28/55



CONVOLUTIONAL MODELS: ARCHITECTURE

Deep models for image classification typically consist of:
0 convolutions (linear, recognize object parts)

0 poolings (reduce representation dimensionality)
O projections (linear, recognize image as a whole)

0 elementwise non-linearities, eg. max(0,x)

INPUT IMAGE

FEATURE MAPS FEATURE MAPS

() d3A%T N3adIH
HIAYT LNd1NO

ny

ﬁ Sd¥iW 3HNLY3d
prﬂu
ﬂnub
i
??&T

CONVOLUTION POOLING FULLY CONNECTED
LAYERS

[vukotict 4ccvw%
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CONVOLUTIONAL MODELS: CONVOLUTIONS

[vukotic14ccvw]

We typically have multiple feature maps on output = multiple kernels
We typically have several feature maps on input = kernels are 3D




CONVOLUTIONAL MODELS: POOLINGS

Task: reduce dimensionality to relax memory requirements

[vukotic14ccvw]

Most often implemented as average pooling or max pooling

It also increases translation invariance:

Stanje tehnike — Convolutional models (2) 31/55



CONVOLUTIONAL MODELS: LARGE-SCALE

Deep convolutional model for image classification [krizhevsky12nips]
0 input: image; output: distribution over 1000 classes

0 fitness criterion: average log probability of the correct class

o structure: a succession of convolutions and poolings
o gradual decrease of resolution and increase of the semantic depth

O recent architectures: O(10%) layers, O(10°) parameters, O(10%)
bytes, and O(10?) multiplications for a 224x224 image!

bison: 80%
ox:  10%
bear: 5%

1x1x4096

1x1x4096

soespeps  27+27x256 13x13x384  13x13x384  13x13x256

y
224x224x3
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CONVOLUTIONAL MODELS: TWO VIEWS

THIS 15 YOUR MACHINE LEARNING SYSTETM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF UNEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE CTHER SIDE.

WHAT IF THE ANSLERS ARE LIRONG? J

JUST STIR THE PILE UNTIL
THEY START (DOKING RIGHT.

[xkcd 1838]

Neuratnetworks —

Peepearning —
Differential programming

(software 2.0)

Program space

Software 1.0 —,

Software 2.0

[karpathy17medium]
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CONVOLUTIONAL MODELS: DIFF. PROGRAMMING

import torch

step=0.12

x=torch.rand(1, requires_grad=True) N
#x=torch.tensor (1.9, requires_grad=True) . J

for i in range(100): e .

y = x*x%x4 — 4xxxx%x2 ) 23' L.

20 -15 -lo -65 oo 05 10 15 20

y.backward()

print(x, y, x.grad)
x.data = x - stepxx.grad
x.grad.zero_()

The workhorse algorithm: reverse-mode automatic differentation
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CONVOLUTIONAL MODELS: IMAGENET

One of the most popular vision datasets [russakovsky15ijcv]

0 annual challenges: classification, localization, detection in video
0 we focus on the classification challenge: 10° images, 102 classes
o fine-grained animals, objects, materials, sports, dishes...

0 evaluation metric: top-five prediction error (trained human: 5%)

red fox (100) hen-of-the-woods (100)  ibex (100)  goldfinch {100) flat-coated retriever (100)
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CONVOLUTIONAL MODELS: IMAGENET PERFORMANCE

30 A —=— Top 5 error [%]
Depth [n]

251

201

15 A1

10 A1

human performance

SE-ResNeXt|

2010 2011 2012 2013 2014 2015 2016 2017
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CONVOLUTIONAL MODELS: IMAGENET HARD EXAMPLES

Tasks which are difficult for humans [russakovsky15ijcv]:
o fine-grained classification (e.g. 120 breeds of dogs!)
O exotic classes (pulley, spotlight, maypole)

Tasks which are difficult for GoogleNet (2014, 6.7%):
O little and thin objects, filtered and atypical images
O abstraction (a toy hatchet, images with text)

0 large intra-class variance, small between-class variance
muzzle (71) hatchet (68) water bottle (68) velvet (68) loupe (66)
B ! 7

i TARE

hook (66) spﬁtligh (66) ladle {65)  restaurant (64) Iett opener(sé)
N 2 —
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CONVOLUTIONAL MODELS: FURTHER IMPROVEMENT

Important idea: normalize activations produced by each layer

BatchNorm
X y X Y ¥ 1z
—w — =W —
vanilla layer layer with batchnorm

Advantages: faster Iearnlng, improved generalization

100

— Standard. LR=0.1
— Standard + BatchNorm, LR=0.1

—— Standard, LR=0.1
= Standard + BatchNorm, LR=0.1
== Standard, LR=05
== Standard + BatchNorm, LR=0.5

- = Standard. LR=05
== Standard + BatchNorm, LR=0.5

Training Accuracy (%)
Test Accuracy (%)

[ "
\,m e '.vr 2 o L Y "\"'—\\""“‘r"‘:d -----------------------

o Sk 10k 15k Q0 Sk 10k 15k
Steps Steps
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CONVOLUTIONAL MODELS: FURTHER IMPROVEMENT (2)

Important idea: enhance the gradient flow towards early layers

(a) without skip connections (b) with skip connections

[li18nips]
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CONVOLUTIONAL MODELS: KNOWLEDGE TRANSFER

A deep classification model can be fine-tuned for another (easier) task:
0 cut-off the last few layers

0 connect the remaining layers with the back end for the new task

O train the resulting model on new images

O inherited layers are well-trained so we can train with less data (few
thousands images)

1x1x4096 1x1x4096

pripajanje: 95%
normalna cesta: 5%

13x13x384 13x13x384  13x13x256
55x55x96 27*27x256 x x13x

224x224x3
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ZADATCI. RASPOZNAVANJE
0 Klasifikacija slika i videa
0 Objasnjenje predikcija:

SIDEWAUKEIPASSENGER SIDE DELINEATION DIVIDED CARRIAGEWAY
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ZADATCI. REKONSTRUKCIJA,

0 naucena stereoskopska rekonstrukcija [zbontar15cvpr]

Primjene — zadatci 42/55



ZADATCI. REKONSTRUKCIJA,

0 naucena stereoskopska rekonstrukcija [zbontar15cvpr]
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ZADATCI. GUSTA PREDIKCIJA

0 Detekcija (lokalizacija)
objekata:
o detektirati prisutnost...

o ... odraditi lokaciju

0 Semanti¢ka segmentacija:
o klasificirati sve piksele...

O ...u semanticke razrede

0 Stereoskopska rekonstrukcija:
o odrediti disparitet (dubinu)...

O ... usvakom pikselu
O opticki tok, panopticka segmentacija, semantiCko prognoziranje
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HarbwARE: CPU vs GPU

CPU core (AVX) can dispatch up to 2 FMA instructions / cycle
0 2-2-8 operations @3GHz — 100 GFLOPS

0 if a CPU has 10 cores - that's 1 TFLOPS

Modern GPUs achieve 10+ TFLOPS in matrix multiplication
O in practice, the advantage is x50 due to better memory bandwidth.

Price of training a simple ImageNet model:

GPU TFLOPS price time
GTX 1070 6.5 4000kn 52h
GTX 1080 Ti 11.3 7000kn 31h
P100 FP16 25.0 47000kn 13h

DGX-1 FP16 170.0 $129000 2h
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HArRDWARE: GPU

Best performance/price is obtained on gaming GPUs:
0 NVIDIA Titan X: 250W, 12GB, 11 TFLOPS, 3000 GPU cores

0 Radeon Vega FE: 300W, 16GB, 13 TFLOPS, 4000 GPU cores
0 NVIDIA Titan V: 250W, 16GB, 110 TFLOPS (?), 12nm, 8cm?, 21Gt

_ | == Peak performance [TFLOPS]
#0971 -~ Memory bandwidth [T8/s]

Actual non-representative measurement:
0 GTX1070 (3500 kn) 60x faster than E3-1220 v3 (1700kn)

Additional challenge: deliver such performance with low power
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HARDWARE: EMBEDDED

Novel hardware concept: processing units for artificial intelligence
0 fast matrix multiplication (10 TFLOPS)

O low power, low precision (8-32 bit)
Main players:
0 NVIDIA TX2: 1.5 TOPS, 15W, 8GB RAM
0 NVIDIA Xavier: 20 TOPS, 20W, automotive certificate (ISO 26262)
0 Google TPU2: 45 TFLOPS
0 Microsoft + Intel DPU (Stratix-10): 40 TFLOPS
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HARDWARE: DATACENTER

o
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TRENDOVI
Ugradbene izvedbe (TX2, Xavier)

— r—— ta—
b -
_'§ . ¥l
-

smiling neutral neutral i
‘woman woman man sm”mg e
[radford16iclr]
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TRENDOVI

Predvidanje buduénosti:

[neverovai7arxiv]
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TRENDOVI

Prevodenije slika u tekst:

A close up of a person brushing his A woman laying on a bed in a bed- A black and white cat is sitting on a
teeth.

room. chair.

[donahue16arxiv]
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TRENDOVI

Razumijevanje slike

Region Based Question Answers Free Form Question Answers

; Q. ‘What color is the fire hydrant? Q. What is the woman standing next 1o?
2 A Yellow. A Her belongings.
’ ¥
woman in shorts is
g standing behind
= the man
7 man jumping over
] fire hydrart
]
yellow fire hydrant I
» fire hydrant A i
2 jumping over AN
: yellow 4 is behind in
o oo et 4 +




CONCLUSION: STATE OF THE ART

Dramatic improvement of prediction accuracy in the last few years:

2017 [kreso17cvrsuad]

Cityscapes categories: 91% vs 89.7%

Cityscapes classes: 81.4% vs 78.4 %

[Wikipedia]
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CONCLUSION: OUTLOOK

Performance of computer vision systems will continue to grow
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Important research directions:
0 relaxing supervision (unsupervised, semi, weakly, multi-domain)
O estimating uncertainties (outlier detection, adversarial examples)
0 new layers for visual recognition (transformers)

O low power inference (quantization, pruning, distillation)
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ZAHVALA

Ova predavanija proiziSla su iz istrazivanja koje je financirala Hrvatska
zaklada za znanost projektom 1-2433-2014 MultiCLoD.

http://multiclod.zemris. fer.hr
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