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Information bottleneck (IB)
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statistics: soft sufficient statistic
info theory: lossy compression, distortion ~ relevance
machine learning: maximally informative clustering
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Information bottleneck (IB)

X - Y data: p(z,y)
N free parameter: 5> 0
I Markov constraint: T <~ X <— Y

min L [q (t | «)] =[I (T; X)|— 81 (T;Y)
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Tishby, Pereira, Bialek 1999
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Information bottleneck (IB)

X - Y data: p(z,y)
N free parameter: 5> 0
I Markov constraint: T <~ X <— Y

;(r;}g)L[q(t | 2)| =1(T;X) = pI(T:Y)




Measuring compression

min L[q(t | 2)] =(I (T; X))~ BI (T;Y)

q(t|z)

channel coding/
rate distortion theory

min L g (t | 2)] =(H (1))~ BI (T;Y)

q(t|x)

source coding

Lig — Lpg = I(X;T) — H(T)
— _H(T| X)

implicit encouragement of stochasticity



A generalized IB

Lo = H(T) — aH(T | X) — BI(Y:T)
Lip = Lao=1

Lpi = La=0"



A generalized IB

Lq

H(T) — oH(T | X) — BI(Y:T)

ot ) o< exp | + (108 90 (t) — ADxLp(y | ) | guly | D))
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Solving the DIB

Lo = H(T) — oH(T | X) — BI(Y:T)

ot ) o< exp | + (108 90 (t) — ADxLp(y | ) | guly | D))

lim o (t [ 2) = 0(t — f(x))

oa—0

f(z) = arg?laX(log q(t) — BDxrlp(y | =) | q(y | 1)])




B vs DIB: summary

Lip = [(X;T) — pI(Y; T)

q(t)
Z(x, )

channel coding with relevance

qB(t | r) = exp|—BDxkLlp(y | z) | q(y | 1)]]

Lpis = H(T) = pI(Y;T)
gpiB(t | x) = d(t — f(x))
f(z) = argmax(log q(t) — BDkL[p(y | x) | q(y | 1)])

t
source coding with relevance



1B vs DIB: experiments

IB plane DIB plane

I(X,T) = H(T) — H(T | X)

2 ways to get HT)=H(T|X)=0
I(X,T)=0 H(T)=H(T | X) = const > 0




1B vs DIB: experiments

IB plane DIB plane

algorithm

DIB

IB and DIB behave similarly in terms of IB cost function...
...but DIB pertorms far better in terms of its own



B vs DIB: efticiency
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summary

proposed new cost functional for extraction of relevant
information based on source coding (rather than
channel coding)

consequence -> deterministic encoder/hard clustering
(rather than stochastic/soft)

IB and DIB exhibit non-trivial differences when fit to
data

DIB fits run 1-2 orders of magnitude taster than IB

bonus: method to interpolate between |IB and DIB
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