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Ciel prace

Oboznamit’ sa s principmi hierarchickych stochastickych
uciacich sa systémov so samoorganizaciou, konkretne s
modelom Deep Belief Network

Implementovat a otestovat DBN na ulohe kategorizacie
jednoduchych 2D objektov

Navrhnut zlepSenie modelu DBN s cieflom dosiahnut
Invariantnosti rozpoznania kategorie objektu (vocCi
posunutiu, rotacii a skale)

Vyhodnotit spravanie modelu DBN pomocou
kvantitativnych a vizualizacnych metod



Motivacia

* Vyhnut sa ,explaining away“ efektu
* Hierarchické ucenie

* Unsupervised layer-wise gready algoritmus — zrychluje
ucenie viacvrstvovych struktar




Restricted Boltzmann Machine

2-vrstvova symetricka siet’ s Uplnym prepojenim (len)
medzi vrstvami

Binarne neurony
Generativny model / Stochaisticky model
ucenie SO samoorganizaciou




Restricted Boltzmann Machine

Notacia

« W — matica vah

b — bias pre skrytu vrstvu (indexovany j)

c — bias pre viditelnu vrstvu (indexovany i)
v — viditelna vrstva

h — skryta vrstva



Restricted Boltzmann Machine

* Sigmoidna funkcia o(x) = 1/ (1 + exp(-x))
° P(hj == 1) = O'( (V*W)j + bj)

* P(vi==1) = o((W*h)i+c)

* E(v,h) = - V*W?*h — b*v — c*h
* P(v,h) = exp(-E(v,h))

* P(v) = 2 P(v,h)



RBM - ucenie
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Deep Belief Network

viacvrstvova siet’ (pozostava z viacerych RBM)
Stochasticky model

Symetrické vahy

Generativny model



Deep Belief Network
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Predoslé testovanie DBN

Facial expressions generating
Spam recognition

MNIST digits recognition

Iné mensie ulohy



Predoslé vysledky DBN

(spam filtering)

Miera uspesnosti:
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LingSpam (481 / 2893 - spam ratio: 16.6%)

SpamAssassin
EnronSpam

(1897 / 6047 - spam ratio: 31.3%)
(1500 / 5172 - spam ratio: 29.0%)



Predoslé vysledky DBN

. LingSpam
il B —
1500-50-30-200-2 CcC=1
Accuracy 990.45% 99.24%
Spam Recall 08.54% 96.67%
Spam Precision 98.2% 08.74%
Ham Recall 99.63% 00,75%
Ham Precision 00.71% 99.35%

Table 2. DENs vs. SVMs on SpamAssassin.
. SpamAssassin
P ey S

1000-50-50-200-2 cC=10
Accuracy 97.5% 97.32%
Spam Recall 05.51% 95 24%
Spam Precision 06.4% 96.14%
Ham Recall 08.39% 98.24%
Ham Precision 08.02% 97.89%

Table 3. DBNs vs. SVMs on Enroni.

Performance Eunronl
Measure DBN SVM
1000-50-50-200-2 C=1
Accuracy 97.43% 96.92%
Spam Recall 96.47% 07.27%
Spam Precision 04.94% 92 T4%
Ham Recall 07.83% 96.78%
Ham Precision 08.53% 08.84%%




Predoslé vysledky DBN
(MNIST recognition)

Version of MNIST Task Leaming Algorithm Test Error %
Permutation invariant Cur generative model: 135
— S0 — 500 <= 2000 <=
Permutation invariant Support vector machine: degree 9 14
pelynomial kernel
Permutation invariant Backprop: 784 — 500 — 300 — 10 1.51
cross-entropy and weight-decay
Permutation invariant Backprop784 — 800 — 10 1.53
cross-entropy and early stopping
Permutation invariant Backprop: 784 — 500 — 150 — 10 295
squared error and on-line updates
Permutation invariant Mearest neighbor: all 60,000 examples 28
and L3 norm
Permutation invariant Mearest neighbor: all 60,000 examples 31
and L2 norm
Permutation invariant MNearest neighbor: 20,000 examples and 40
L3 norm
Permutation invariant Mearest neighbor: 20,000 examples and 44
L2 norm
Unpermuted images; extra Backprop: cross-entropy and 04
data from elastic early-stopping convolutional neural net
deformations
Unpermuted de-skewed Virtual SWM: degree 9 polynomial 0.56
images; extra data from 2 kernel
pixel translations
Unpermuted images Shape-context features: hand-coded 0.63
matching
Unpermuted images; extra Backprop in LelNets: convolutional 0.8
data from affine neural net
transformations
Unpermuted images Backprop in LeMet5: convolutional 0.95

neural net




Predoslé vysledky DBN

Dataset | SVM,,; | SVM,, | NNet | DBN-1 | SAA-3 | DBN-3
mnist-basic 3.03+0.15 | 3.60+017 | 4.60+0.19 3.94+0.17 3.46+0.16 | 3.11+0.15
mnist-rot 10.38+0.27 | 13.61+0.30 | 17.62+0.33 12.11+0.29 11.43+0.28 12.30+£0.29
mnist-back-rand 14.58+0.31 | 16.62+0.33 | 20.04+0.35 0.80+0.26 11282028 | 6.73+0.22
mnist-back-image 22.61+0.37 | 24.01£0.37 | 27.41+0.30 | 16.15+0.32 | 23.00+0.37 | 16.31+0.32
mnist-rot-back-image | 32.6240.41 | 37.50+0.42 | 42.17+0.43 31.84+0.41 | 24.09+0.37 | 28.51x0.40
rectangles 2.15+0.13 | 2.15+0.13 | T.16%0.23 4.71+0.19 | 2.41+0.13 2.60+0.14
rectangles-image 24.04+0.37 | 24.0520.37 | 33.20+0.41 23.60+£0.37 | 24.05%£0.37 | 22.50+£0.37
COMUVET 10.13+0.34 | 19.82+0.35 | 32.250.41 19.92+0.35 | 18.41+0.34 | 18.63+0.34




Diplomova praca

Matrix tester — porovnanie performance nasobeni matic
Generator tréningovych dat

DBN tester

WeightsProfileViewer



Vysledky DBN

Kategorizacia 3 druhov obrazkov (Stvorec, trojuholnik,
kruh) pri Sume do 10 %

Kategorizacia pri zvySenom sume
Kategorizacia pozicne variabilnych obrazkov
Kategorizacia uhlovo variabilnych obrazkov
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Priklady trénovacich dat
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riklady trenovacich dat
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Vysledky — pri sSume do 10 %

* Pocet vystupov . 3

o Alfa . 0.7

* Velkost obrazkov : 30 x 30

* Pocet skrytych vrstiev . 3

» Velkosti skrytych vrstiev : 500 x 500 x 1500
* Pocet iteracii : 30

Pocet chyb pocCas testu
o Kkruzky: 0/50
« Stvorce: 0/50
 trojuholniky: 0/50



Vysledky — pozicna variabilita uplna

* Pocet vystupov . 3

* Alfa . 0.7

* Velkost obrazkov : 20 x 20

* Pocet skrytych vrstiev . 3

* Velkosti skrytych vrstiev : 500 x 500 x 1500
* Pocet iteracii : 30

Pocet chyb pocCas testu

* Kkruzky: 1/20
* Stvorce: 20/20
* trojuholniky: 11/20



Vysledky — pozicna variabilita uplna

* PocCet vystupov . 3

 Alfa : 0.3

* Velkost obrazkov : 20 x 20

* PocCet skrytych vrstiev . 3

* Velkosti skrytych vrstiev : 500 x 500 x 1500
* Pocet iteracii : 60

* Pocet tréenovacich dat . 75

* Trénovacie data permutované

Pocet chyb pocCas testu

e krazky: 8/20

* Stvorce: 19/20
* trojuholniky: 13/20



Vysledky — pozicna variabilita CiastoCna
(fuzzy hrany objektov)

e Cas vypoctu v sekundach . 745.344

* PocCet vystupov . 3

 Alfa . 0.15

* Velkost obrazkov : 30 x 30

* PocCet skrytych vrstiev . 3

* Velkosti skrytych vrstiev : 700 x 700 x 1200
* Pocet iteracii : 200

* Pocet trénovacich dat : 60

* PocCet chyb pocCas testu : 0

* Celkovy pocCet testov ; 15



Vysledky — uhlova variabilita tplna

Cas vypoctu v sekundach : 26.718

Pocet vystupov . 3

Alfa . 0.15

Velkost obrazkov : 30 x 30

Pocet skrytych vrstiev . 3

Velkosti skrytych vrstiev : 200 x 200 x 600
Pocet iteracii : 100

Pocet trénovacich dat : 30

PocCet chyb poCas testu : 0
Celkovy pocet testov . 10



Vysledky — uhlova variabilita tplna

Cas vypoctu v sekundach . 8.25

Pocet vystupov . 3

Alfa . 0.15

Velkost obrazkov : 30 x 30

Pocet skrytych vrstiev . 3

Velkosti skrytych vrstiev : 200 x 200 x 600
Pocet iteracii : 100

Pocet trénovacich dat . 10

PocCet chyb pocCas testu : 10
Celkovy pocCet testov : 30



Vahovy profil DBN — uhlova variabilita

uplna
Cas vypoctu v sekundach : 13.797
Pocet vystupov . 3
Alfa . 0.15
Velkost obrazkov : 30 x 30
Pocet skrytych vrstiev . 3
Velkosti skrytych vrstiev : 200 x 200 x 600
Pocet iteracii : 100
Pocet trénovacich dat . 16

PocCet chyb poCas testu : 3
Celkovy pocet testov . 24



Vahovy profil DBN — uhlova variabilita




Vahovy profil DBN — pozicna variabilita
clastocna (fuzzy hrany)

 Cas vypoctu v sekundach 1 745.344

* Pocet vystupov . 3

o Alfa . 0.15

* Velkost obrazkov : 30 x 30

* PocCet skrytych vrstiev . 3

» Velkosti skrytych vrstiev : 700 x 700 x 1200
* Pocet iteracii : 200

* Pocet trénovacich dat . 60

 PocCet chyb poCastestu :0
* Celkovy pocet testov . 15



Vahovy profil DBN — poziCna variabilita
Ciastocna (fuzzy hrany)
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Rekonstrukcia

* Problém pri jedinom zapnutom neurone
* Vela zapornych vah
* RieSenie: zosilnenie signalu z vystupu



Rekonstrukcia




Rekonsturkcia
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Rekonsturkcia
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DBN so sdielanymi vahami a
receptivnymi poliami

(LeCun, et al, 1989)
10 output units o[1[2[3[4]5]6[7]8] 9|

30 units

12 feature 0
detectors: oot HEH i f o s H
(4 by 4)

12 feature
detectors ik SRR
(8 by 8) g

Tapst

16 by 16 input




DBN so sdielanymi vahami a
receptivnymi poliami

InSpiracia modelom LeCun et al. (1989)

Sdielanie vah (weight-sharing) redukuje pocet
parametrov modelu, podporuje generalizaciu

DBN ignoruje 2D Strukturu

Problém: Gibbs sampling sposobi, ze vstupny
neuron ovplyvni aj ten skryty neuron, s ktorym
nie je spojeny?




Pouzité materialy

Hinton : A Fast Learning Algorithm for Deep Belief Nets, 2006
Grigorios Tzortzis and Aristidis Likas : Deep Belief Networks for Spam Filtering

Bengio : An Empirical Evaluation of Deep Architectures on Problems with Many
Factors of Variations

Hinton : Generating facial expressions with DBN
Le cun : Handwritten digit recognition with a back-propagation Network, 1990
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