Unsupervised Learning
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The efficient coding hypothesis
(Barlow 1961; Attneave 1954)

Nervous systems should exploit the statistical dependencies
contained in sensory signals



Redundancy Reduction as a Strategy for
Unsupervised Learning

A. Norman Redlich
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(Neural Computation, 1993)



alice wasbeginningtogetverytiredofsittingbyhersisterontheban
kandofhavingnothingtodoonceortwiceshehadpeepedintothebo
okhersisterwasreadingbutithadnopicturesorconversationsini
tandwhatistheuseofabookthoughtalice withoutpicturesorcon ver
sationssoshewasconsideringinherownmindaswellas she ¢ ould for
te hotdaymadeherteelverysleepyandstupidwhetherthepleasur
eotmakingadauisychainwouldbeworththetroubleotgettingup
andpickingthedaisieswhensuddenlyawhiterabbitwithpinkeye
sranclosebyhertherewasnothingsoveryremarkableinthatnor di
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alice was beginning toget verytiredof sitting by hersister ontheban k and of having
nothingtodo onceortwice shehad peeped intothe book hersister was read ing but
ithad no pictures or conversation s in it and what is theuseof a book thoughtalice
without pictures or conversation s so shewas consider ing in her ow n mind aswell
asshecould for the hot day made her feel very sleepy and stupid whether the plea
sure of making ad a is y ch a in wouldbe wor th the trouble of gettingupand p i ¢ king
the d a is ies when suddenly a whiterabbit with p in k eyes r an close by her therewas

nothing so very remark able in that n or did alice think it so very much outoftheway
to hear therabbit saytoitself ohdear ohdear



Hebbian Learning and PCA



PCA

(Principal Components Analysis)
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PCA

(Principal Components Analysis)




Hebbian learning
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Linear Hebbian learning
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define: v =ETw
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v1(t) = et (0)
va(t) = €2 vy (0)
w=Ev



Constraining the growth of the weight vector

Oija’s rule
Aw; =ny (z; — yw;)

or Aw =7y (x —yw)



Multiple output units

Y1 Y2 Ym

X7 X2 X3 Xn

Sanger’s rule:  Aw;; = ny; (T Z Yk Wk )
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Decorrelation

Joint distribution of pixels
In natural images

I(x+1,y)

[(x+2,y)
[(x+4,y)

Correlation
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Spatial separation (pixels)

(from Simoncelli & Olshausen 2001)

correlation

spatial separation



Whitening

Y =WX

W=EA2E7T



PCA
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“Whitening”

whitened image




Efficient coding model of retina
(Karklin & Simoncelli 2012)
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Competitive Learning



Gaussian non-Gaussian




Non-linear Hebbian learning

Non-linear neuron: Y = f(z w; 997,)
i

Hebbian learning then yields:
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Winner-take-all learning

Input
Network: g
1 wui>wu; Vj # 1
Ys = ;
0 otherwise

Learning rule: sz-j =nNY; (SUj — wz’j)



Winner-take-all learning

before learning after learning
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Winner-take-all learning

Energy function:

1
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Gradient descent:

Aw; = —n
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Forming sparse representations by local anti-Hebbian learning

P. Fildiak
Physiological Laboratory, University of Cambndgs, Downing Strest, Cambridge CB2 3EG, United Kingdom

anti-Hebbian rule—

Awij = _‘“(.ViJ’j _Pz)
(if i =j or w; > 0 then w;:=0)

Hebbian rule—

Aqu = By, (x; — qz‘j)
threshold modification—

At,=y(y; —p).




Learning lines
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