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Simple example

You observe y,

y:x+n what is x?
P(z|y) o< P(y|x) P(x)
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How to compute z?

P(xly) oc P(y|z) P(x)
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MAP estimate:
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Sparse coding model

_External
world

I(x,y)

Inference:

(I)i(x,y )
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P(al: ®) o P(I|a;®) P(a)

a=argmin [I — ®al* + ) ZC(CLZ')
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Learning:

$ = arg mgx(log P(I|®))

P(I|®) = / P(I|a, ®) P(a) da



Sparse coding energy function
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Sparse coding model

X =As+n

px) = / p(x|s) ps(s) ds

o |x—As|2
p(x|s) xe 2o
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Objective for learning

(log p(x))

Gradient ascent yields:

AA aiAﬂogp(x)}

_ </[x _ As]sT p(s|x) ds>



Inference
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arg max p(s|x)

arg min — log p(s|x)

An
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Gradient descent yields:

arg min 7‘X—AS‘2 ZC(SZ')

S X A\, |b— Gs|—z(s)

where b=ATx, G =A%TA,

g — C,(Si)




Approximate learning rule

Instead of

AA </[x — As]s’ p(s|x) ds>

Use

AA x ([x — As]s")




Special case

e No noise

X = ASs

¢ Invertible A matrix

s = A 1x



Special case
Thus  p(x[s) =d(x — As)

p(x) = /5(X—As)ps(s)ds
= ps(A7'x)/|det A

log p(x Z C'(s;) — logdet A



Special case

P Its the ICA
_— I ' le!
AA A <10g p(X)> earning r‘u e
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= (AT T a(s)s” — [AT] 1) |

Pre-multiplying by A AT (natural gradient) yields:

AA o« (Azs! —A)
— ([x—A(s—z)]sT—A>
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First-order Markov process (‘Kalman filter’)

/\
Xt—2 Xt—1 X¢ . . .
A A Linear generative model:
). ). ). ¢ o o
X, = AXp_ 1+ wi_
y: = Hx¢+ny

Yit—2 Yt—1 Y

Prediction:

P(xelyo..-ye_1) = / P(e[t-1) P(Xe—1¥o0Ye—1) dxe—1
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P(xt]yo..yt) o< P(yt|xt) P(X¢t|yo---yt—1)




