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Computing mutual informations in neural networks ... is tricky

« Intractable p(t;) = [ dtodts - dte_i p(telte_1) - - p(ti[to)p(to) @

*  Computing I(to;t,)or H(t,) = —/dtgp(tg)logp(tg) yet more involved
I(to;te)
Sampled based estimations (non-parametric, variational methods)
Kraskov et al. 2014, Kolchinsky et al. 2017, Belghazi et al. 2017, Goldfeld et al. 2018 etc. @
= Less and less reliable as networks get large
= Need for benchmark controlled case y

Here 1) Restrict to models of DNNS, 2) Leverage statistical physics replica method
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Model: fully connected feed forward neural network

with stochastic activations
RNg RNO

be = f(WO f (WD f(WHEg) --))
With :
1) known factorized input distribution FPp(to) H Py(to;)

2) weight matrices from class of random matrix class

i.i.d Gaussian =  Orthogonally invariant

w® 70 S VT

H ]
= X — X
A A

arbitrary diagonal

i.i.d. from Haar
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Main results
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efficient implementation of extremization: sphinxteam / dnner

2) Theorem:

2-layer to = fo(W® f.(Wtg)) _ replica prediction exact V4
Gaussian random weight matrices in limit of large networks



APPLICATION:
Follow mutual information

during SGD learning
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