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Meérki

* |zveidot masinmacisanas algoritmu, kas balstas uz
"atminas-paredzésanas” intelekta teorijas [1] un
neokorteksa [2] uzblves/darbibas principiem

* Pielietojums — objektu detektésana un atpazisana

[1] http://en.wikipedia.org/wiki/Memory-prediction_framework

[2] http://en.wikipedia.org/wiki/Neocortex



Cilvéka smad
kognitivo darbi

* http://www.salon.com/2013/07/18/inside_george_zimmermans_brain/



Cilvéka smadzenes i
kognitivo darbibu pild

Pielietojuma
sféras zinasanas /

masinmaciSanas metodes ir

tas labaka alternativa
parametrizets

adaptivais

* http://www.salon.com/2013/07/18/inside_george_zimmermans_brain/



Atminas-paredzéesanas teorija (1)
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INTELLIGENCE

Jeff Hawkins
2004

Smadzenes nav dators, bet atminas sistéma, kas saglaba
pieredzi tada veida, kas atspogulo patieso pasaules
strukturu, atceroties notikumu secibas un to attiecibas.

Paredzésana ir intelektualo darbibu pamatmehanisms, ka
ari intelekta kriterijs (nevis uzvediba).

Cilveka neokortekss ir atbildigs par gandriz visiem
augsta limena funkcijam, t.sk. redzi, dzirdi, valodu,
kustibu planosanu u.c.

http://en.wikipedia.org/wiki/On_Intelligence



Atminas-paredzéesanas teorija (2)
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INTELLIGENCE

Jeff Hawkins
2004

Atminas-paredzésanas teorijas apkopojums:
- Neokortekss izmanto vienotu algoritmu dazadam modalitatém;
- Neokortkesam ir hierarhiska struktira;

- Neokortekss tiek konstruéts no skaitloSanas moduliem, kas ir zinami ar
nosaukumu ,kanoniska kortikala kede®;

- Neokorteksa pamatfunkcija ir pasaules modela veidoSana (no
telpiskiem un laiciskiem Sabloniem). Sis modelis tiek izmantots, lai veikt
prognozes par ieejas datiem;

- Neokortekss veido pasaules modeli nekontroléta veida (,unsupervised
learning®);

- Informacija tiek nodota uz augsu un uz leju hierarhija, lai atpazitu un
atrisinatu neskaidribas, ka art tiek pavairota uz prieksu laika, lai
prognozéetu nakamo ievadu.



Vienots algoritms (1)

* Regulara struktura

1978 — V.B. Mountcastle ,An Organizing Principle for Cerebral Function: The
Unit Model and the Distributed System®

= e o

Figure 13. Nissl stain of the visual cortex reveals the different layers | through Vi
quite clearly.

* ,How to make computers work like the brain®, G. Dileep, 2010 (presentation)



Vienots algoritms (2)

 Manu aizvietosanas eksperimenti

1. http://www.stepbystep.com/eyemusic-device-converts-images-to-music-55746/
2. http://www.nei.nih.gov/news/briefs/weihenmayer.asp
3. http://www.creativeapplications.net/environment/feelspace/


http://www.stepbystep.com/eyemusic-device-converts-images-to-music-55746/

No Free Lunch

* Neviens macisanas algoritms
problému risinasanai (Wolpert,

=> Algoritma parakums ir atkarigs no piené




No Free Lunch

* Neviens macisanas algoritms
problému risinasanai (\Wolpert,

=> Algoritma parakums ir atkarigs no pienér

Datiem no dazadam modalitatem pa'
ta pasa statistiska St




Jautajums

Kada ir pamatpienémumu kopa, kas ir

- pietiekami specifiska, lai macisanos padaritu iespéjamu sapratiga laika

- pietiekami vispariga, lai ta bltu piemérota plasakam problému lokam




High-level properties of neocortex

Hierarchical representation
- spatial and temporal

Sparse distributed representation

Using time as superviser

Ability to make predictions

Feed-forward and feed-back connections
» Sensori-motor integration



The pipeline of machine
visual perception (1)

Low-level : Feature Feature Prediction,
N B

~—

- Most critical for accuracy
- Most time-consuming in dev. cycle
- Often hand-crafted in practice (SIFT, SURF, HOG etc.)



The pipeline of machine
visual perception (2)

Low-level : Feature Feature Prediction,
N B

~—

Instead of design features, let's
design feature learning mechanisms



State-of-Art: Deep learning

 DEFINITION. Deep learning is a set of algorithms in machine
learning that attempt to learn in multiple levels of
representation, corresponding to different levels of abstraction.

Algorithms
» Convolutional neural networks, HMAX
* Deep belief network (DBN) based on
- restricted Boltzmann machines (RBM)
- autoencoders
Ry © Hierarchical Temporal Memory (HTM)
B ° Deep LCA (locally competitive algorithm)

QD - < Simple Cells

Extraction 4 Y etC )




Visual information flow

| Visual processing in cortex

| object features complex
Ventral stream of intermediate .+ object

| (What pathway) complexity recognition
color, form

association area
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cortex
| motion trajectory
of intermediate
‘ Dorsal stream

NG en) complexity
‘ motion, space



Visual information flow

| Visual processing in cortex |

| object features complex |
Ventral stream of intermediate object
| (What pathway) complexity recognition |
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association area

LGN
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Early visual processing

Original image After whitening After local contrast
(removes pairwise, normalization
linear correlations) (brings out image details)

http://redwood.berkeley.edu/bruno/npb261b/lab2/lab2.html
http://redwood.psych.cornell.edu/papers/graham-chandler-field-2006.pdf


http://redwood.berkeley.edu/bruno/npb261b/lab2/lab2.html

Architecture

Higher Level organization

information delivery
TP (without context)
TP (without timing)

SP (via sparse coding)
TP (with timing)
feedback

o O A WO N -

Layered representation

Lower
level

- Invariant spatio-temporal representation isformed on each layer
- Hierarchical Bayesian inferenceis used for layer interconnection

1. TP — temporal pooling
2. SP — spatial pooling



Efficient spatio-temporal coding

* Hierarchical structure
Goal: To capture hierarchical model of the world
Using spatial and temporal pooling
 Sparse representation
Goal: To build hierarchical representation efficiently
Using sparse coding via lateral inhibition
« Sequence memory
Goal: To make invariant representation
Using memory and prediction
« Topographic maps
Goal: To make connections shorter

Using exicitation and inhibition connections



Sparse code

 The sparse code is a kind of neural code in which each item is
encoded by the strong activation of a relatively small set of

neurons. For each item to be encoded, this is a different subset
of all available neurons.

« Given a potentially large set of input patterns, sparse coding
algorithms attempt to automatically find a small number of
representative patterns which, when combined in the right
proportions, reproduce the original input patterns.

http://en.wikipedia.org/wiki/Sparse_coding



Principal Component Analysis (1)

* Principal component analysis (PCA) is a mathematical
procedure that uses orthogonal transformation to convert a
set of observations of possibly correlated variables into a
set of values of linearly uncorrelated variables called
principal components.

http://en.wikipedia.org/wiki/Principal _component_analysis



Principal Component Analysis (2)

Goal is to find a set of mutually
orthogonal basis functions that capture
the directions of maximum variance in
the data and for which the coefficients
are pairwise decorrelated

PCA is appropriate for capturing the
structure of data that are well described
by a gaussian cloud, or in which the
linear pairwise correlations are the most
important form of statistical dependence
in the data




Principal Component Analysis (3)

«— Principal components calculated on
8 x 8 image patches extracted from
natural scenes

58 oo = 0 e 52 )

The receptive fields are not localized,
however, and the vast majority do not at
all resemble any known cortical
receptive fields
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,Emergence of simple-cell receptive
field properties by learning a sparse
code for natural images®, B.A.
Olshausen, D.J. Field
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Hubel & Wiesel: simple cells

A simple cell in the primary visual cortex is a cell that responds primarily to
oriented edges and gratings (bars of particular orientations). These cells were
discovered by Torsten Wiesel and David Hubel in the late 1950s.

« D.H.Hubeland T. N. Wiesel Receptive Fields of Single Neurones in the
Cat's Striate Cortex J. Physiol. pp. 574-591 (148) 1959

« D. H. Hubeland T. N. Wiesel Receptive Fields, Binocular Interaction and
Functional Architecture in the Cat's Visual Cortex J. Physiol. 160 pp. 106-
154 1962



Introducing sparsity

Icy) = 3 a,(x.y)

E = —[preserve information| — A[sparseness of a,] (2)

[preserve information] = — Z [I (x,v) — Zf;,-¢:,. (x, ;.-ﬁ]] (3)

The search for a sparse code as an
optimization problem

,Emergence of simple-cell receptive
field properties by learning a sparse
code for natural images®, B.A.
Olshausen, D.J. Field

The result of training the system on 16 x 16
image patches extracted from natural scenes

Sparse coding software by B. Olshausen -
Sparsenet @ http://redwood.berkeley.edu/bruno/sparsenet/


http://redwood.berkeley.edu/bruno/sparsenet/

Sparse coding illustration

Natural Images Learned bas
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Topographic maps
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»A two-layer sparse coding model learns simple and complex cell receptive fields and topogray
Aapo Hyvarinen, Patrik O. Hoyer



Structured sparse coding
via lateral inhibition

It is sometimes appropriate
to enforce more structure
on Z than just sparsity.
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The result is a topographic map with
pinwheel patterns similar to those
observed in the visual cortex.
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- ,otructured sparse coding via lateral
inhibition®, K. Gregor, A. Szlam, Y. LeCun
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- http://www.cs.nyu.edu/~yann/research/
sparse/index.html



First-order sequence memory
using HTM CLA

1st cell activates 2nd cell activates, 3rd cell activates, Mo cells activate, 1st cell activates, 2nd cell Etti\{atES.
connects to 1st cell connects to 2nd cell connections remain 2nd cell predicts 3rd cell predicts
it will be next it will be next

http://www.groksolutions.com/technology.html#

Hierarchical Temporal Memory:
cortical learning algorithm




Variable-order sequence memory

HTM CLA

using
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Previous Level

Use multiple cells per column to
capture temporal context



Neurons
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Real neuron ANN neuron HTM neuron
(computation)  (coincidence detection)



Neurons

00008000000

ooouooouo

9.....
@‘0

(ol T L XeX I X X Yol ]

00000000000

’ (I" 't) o Em )H F-;H'I!".ﬂ'j{“f'.l’ (x? f)

W. Rall model - http://www.scholarpedia.org/article/Rall_model



Sequence formation

» Define sequences using graph partitioning algorithm

* Jowards a Mathematical Theory of Cortical Micro-circuits®, G. Dileep, J . Hawkins



Spatio-temporal pooling

1. Spatial pooling
2. Temporal pooling with timing
« Used for behaviour
« Basedon (1)
3. Temporal pooling without timing
« Used for invariant form representation development
« Basedon (1) and (2)
4. Temporal pooling without context
* Used for invariant motion representation development

« Basedon (1) and (3)



How it works?

People
Cars

Buildings
Words
Songs
Ideas

Senses

* Numenta HTM Concepts

patterns

causel
cause?
caused
caused
causes
causeb

- Calculate spatio-temporal
pattern probabilities

- Perform inference
(probabilistic influence flow)

- Recognize objects



Recognition

* Make/use <Random variables>-to-<object>
mapping using supervised learning




Kopsavilkums

 Lai buvét isti intelektualas masinas ir nepieciesams nemt véra
neokorteksa uzblves un darbibas principus

e ,Atminas-paredzésanas” intelekta teorija ir labakais
sakumpunkts

* Vienota algoritma meérkis ir invariantas reprezentacijas
veidosana, pielietojot efektivas kodésanas principus



NELCI RN EN]

» Kopéjas arhitektlras veidosana
"Spatio-temporal pooler" veidoSana
Integracija péc PGM principa
Reprezentacijas dekodésana

e Pielietosana konkréetam uzdevumam

Vidéjas sarezgitibas pakapes objektu atpaziSana
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