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The physics behind Information Science

1871 — The origins of Al are in physics — Maxwell, Szilard,...

1982 — Hopfield's model & Valient’s theory of the learnable

1985 — Spin Glass theory of Hopfield's model (AGS) & the PDP book
Attractors and MLP as competing Neural Network paradigms

1987 — Gardner's approach, typical constrained volume calculation

1989 — Gardner's approach applied to supervised learning

1990 — Learning curves and phase transitions in learning

1991 — SM (TAP & Replica) applied to more general inference problems

1993 — Rigorous bounds from SM - the power of the Annealed Approximation

2000 — AMP and other Graphical models algorithms analyzed with SM

2010... - Information Theorists begin to adopt SM methods
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The physics behind Information Science

1900-95 - The SM of Learning was marginal with tiny influence on ML ...
from ~ 2000 the scale of ML became too large for effective worse case bounds
Typical behavior theories become essential
Classical parametric statistics becomes irrelevant and SM & IT take over
2008... — Deep Learning and DNNs strike back ... no good theory (yet...)
2012 — DL is related to RG and emergence of relevant representation theory
2015 — suggested connection between DL and representation compression
2017 — understanding the role of Stochastic Dynamics (SGD) for DL (7)
2010-18 — Replica calculations of Mutual Information in DL and related models
2019.... The return of SM as the dominant theoretical framework in ML 777
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Maxwell’s demon
and the simplest life
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Physics of information 1

Maxwell's Demon & Szilard's Engine

[r— (a) Preparation (reset memory, barrier)
- a%; 0 (b) Measurement (noisy) on (R,L)
- . l . (c) Action: hang mass on (R,L) side
(d) Gaining work (heat bath, value)
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Its all about Information & Computation

O M3 JinWickod com

Alan Turing Claude Elwood Shannon
10/26/18 (June 23, 1912 - June 7, 1954) (April 30, 1916 - February 24, 2001)
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edureka!

ARTIFICIAL INTELLIGENCE

Engineering of making Intelligent
Machines and Programs

MACHINE LEARNING
ADNITY 1O learn wilhout Demng
expicitly programimed

DEEP LEARNING

1950's } 1960's § 1970's } 1980's § 1990's § 2000's § 2006's § 20105 § 2012's § 2017’



Failures of the old “Al"... generalization!
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Activation function
(more on this later)
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The Hopfield memory model




Simple feed forward Neural Networks

input layer
hidden layer 1 hidden layer 2
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Gardner's method
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The space of interactions in neural network models

E Gardner
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Abstract. The Lypical frection of (ke space of mueraciions beqween each pair of N lsing
pans whish solve the problem of sLoring a gives et 'Elr_ﬂ rendom patierns as MBI spin
configaratkons o conskdered. The volume is calculazed explicitly as a fumction of the storage
ratio, @ = p/ N, ol ike value w(>01 of the product of the spin and the magnetic feld at
cach asie and of the magnetisation, m. Here m may vary between 0 (no comelation) and
I (compleiely correladed). The capaoiy increaves wilh the correlation beiween patberns
from o = 1 for correlated patterms with & = 0 and tends 1o infinity as m temds to 1. The
caleglations use a saddle-point meibod and the order parameters a the saddile point are
sssumed to be replica symmetric. This solwtion is shown o be bocally stable. A lbocal
itgrative leamning algorithm for updating the interactions is given which will converge to
& salation of given » proadded such solwitons exisi.

1. latroduction

There has been a lot of recent interest in McCulloch=Pitts (1943) neural networks
{Hebb 1949, Litle 1974, Hopheld 1982}, Analytc results { Amit e al 198%a, b, 19874, b,
Kanter and Sompolinsky 1987, Mézard er al 1986, Bruce ot al 1987, Gardner 1986)
have been obtained for thermodynamic and dynamical quantities using particular
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Phase Transitions in Learning Curves
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Rigorous Learning Curve Bownds from Statistical Mechanics

lmvid Hsussler
L, Sana Diia
Sanla Crox, Califrrma

H. Shamaes Sring
ATET Bl Laborwiomes
Marrap Nl New Bepsey

LTSN

I ihde paper so parefurs snd lnssslgesr & o bemeii-
vt g Uiy ol raving vrad rew el o el il mrim:
frog Hambti bl mrmiass s The adimsings & = bass me
Ther wrirwiabdnbed ' apech Cerresesin Gy =il ma
bl ki B P ERERlITR R IR O PRSP, B R
mim ey prfer e o e ompr e ol em ]
& ey carvE Ths ek san W saldes diee
L s Ll R T L T R T e S e
i aapEpetey s daplalieed by e V0 (e The ois
J-I.q--‘d I.h--' -Iuﬂﬁ#‘-“h
h—*d‘ ik gL | HH_‘I-I]. il Bl e [
im Errir recdesaing lgrraer clnrs

Wy s resr cagr remdng wih welnyy (OOSCTE ErE g ol
Fwrning oarve bt deiand Pem e e,

1 bk by oy

Reniling o b Vgl 0 Sayrreses b O ) ey off
PR TR S e A S S S
e viamm K oms g rmsshes spegple of = rapspes beb is

acmcraBaarlen v bososded b CHP b e sk ress M

1v26M8

Liahesd Renrva
ATET Pl Labasdatisbies
Muray Hill, Mew Jeomay

Malal Tisbdiy
Helerw L nivessiiy
drrasalemn, [arae

ll-—--rr_ﬂ -h-—."lh-ljd—r-‘_mﬂ“u-
*mrﬂ'hﬁ.—-—-p F-.-.m _r—-.rri-h—-r
wirmpied s B ey rEevre S Sachpropagenan -
pmmarea woih g vwren v of S kel berma . e beding ripes
el | Pepropagel b= saper e w i basdwriiiap
daica el Clater i el als Thal goed geiralda e ST
T e e P T T e Tl Ty
i g nke V0 dhmpames | (M | vssggh vk B sl g
g for m wwalier shan o [Sserrpances brimren ide
W el G s R T WRETRE R S
wen peresd ot Rl aradred BoHber maahirs Ly
. X1, |

IJI-|--|-|. e WiC h-.-..l-li.l...'.l-i-lplr'u—l"l-ﬁ.
““lh‘-ﬂFl-.‘I (B =P EE = hl-w]— m
".II*!‘ e repricnd errewr =P sd e II-—... mn rew
muﬁlh.blm-q:incuﬂmuh-llﬂnnlpm
quud1h|'“ull-|wr-ll-‘.l Ib-"h-|rr¢
o e ey Chas tbe VIO dmeersies Aorordieg Lo s
Ui of Piassddig . baifeig owiem e barly @fsinl
lh-_i.ﬁ-d'l.‘blhill- .L-.P-rﬂlg = il
Gk BT hmends oy apgde s, lnd mewrioses fad ba g
g i b brbmewr of parinder kerming marres v

€l

e2+

i

#- = e el

- . = . - - -

L]
i
1

b =

- T

0 el

&

ad

2

14



Degp Learning. Newrel. Nets strike back

1970: NM discradited 1986: Backpropagation 1995: SVM 2009: Deep Learning

(Minsky & Papert) (Rumelhart, Hinton & Wiliams )  (Vapnik) (Hinton)
2 layers J layers many
layers

18943 NN inveniaed
[{McCulloch & Pitts)

Diagonal

-Model Size: 10B parameters

-Used by: Yahoo!, Google.
Microsoft, Baidu,
IBM, Scylar &
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DEEP LEARNING APPROACH




Is it more than high-dimensional curve fitting?

= Data simulated from |
— True f
Linear estimate of 1
—  Polynomial estimate of f, m=3
—  Palynomial estimate of ., m=20 |]

Classical [least-squares] regression
Main issue: generalization

How to avoid over-fitting?

# of data points ~ # of parameters

Choose the right hypotheses class!
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Scene understanding

A blue and yellow train
traveling down train tracks

Two brown bears sitting on top of rocks.

April 2018 - Tishby
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Rethinking Learning Theory

“Old” Generalization bounds: New: Typical Problem dependent:
L
i log | H5|+lﬂg A |HE |~ x| _, 9ITel
m
£ - generalization error T - e-partition of the input variable X
5 - confidence with respect to the distortion:
m - number of training examples d(x,1)=D[p(y|x)| p(y )]
H_ - g-cover of the Hypothesis class X = Ve llp(y|x)—p(y |0

ad
‘ 1
typically we assume: |H |~ (_]
d - the class (VC,...) dimension {dm) =I(X;Y)- I(T;Y)

... Don't work for Deep Learning! small IB distortion , or high I(T;Y),

Higher expressivity - worse bound! = small [typical] generalization error



General Deep Architecture for NLP

[ A i | ek CE0 158 O T =T
= " (L

Deep = Why for NLP ?

(elnlwlalelelelele]ss =
i B One Model rules them all ¢
(00000000 . -
: DL approaches have been successfully applied to:
(CcocoooR
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Deep learning & “big data”
Why deep learning
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Amount of data

Taniin How do data science techiniques scale with amount of data?
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Learning From Experience

Deep neural networks learn by adjusting the strengths of their
connections to better convey input signals through multiple
layers to neurons associated with the right general concepts.

=i — QUTPUT:

o7 o

Image #{ f i

brokan o 1) ]
into pixels  Layer 1 L2 L3 L4 LS
Pixel tdpes Combindtions Fedatures Combinations
values identified of edges identified of features
deatected identified dentified

When data is fed into a network, each artificial neuron that fires
(labeled "17) transmits signals to certain neurons in the next layer,
which are likely to fire if multiple signals are received. The process
filters out noise and retains only the most relevant features.



The main part of Learning Is... forgetting

Quanta Magazine: Sep. 2017

New Theory Cracks Open the Black Box of Deep Learning
A new idea called the “information bofttleneck” is helping to explain the

puzzling success of today’s artificial-intelligence algorithms — and
might also explain how human brains learn.
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Deep Neural Nets and Information

& .®. )
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Concentration of Mutual Information

(Xx|1
fl’X.'TJ'=<|ng bl )

p(x;|Pa(x; ),1) p(x;|Pa(x; )t)
=(|ug l_[ > =(Z log }
p(x) yp - P(x|Pa(x;)) 1, \% p(x;|1Pa(x;))

AT

I(1;Y)= ( log pr}'|.1‘}‘r1r.r|u— h'rg_nf_t‘)) = ( log [ Z piv]|x) l—[.l'"lr-".' |Pa(x; ),t) -‘ - Iug;ﬂ_ﬂ}

i x ¥.T

Proposition:

1. Both I(T;X) and I(T;Y), as defined, concentrate, uniformly, under the partition typicality
assumption.

2. Both can be estimated uniformly well (over the partitions) from a sample of p(X,Y).




Each layer is characterized by its Encoder & Decoder Information

Encoder Decoder
P(T|X P(Y\T
|.X) - )

y Theorem [Infnnnaﬂan Ffanet:

For large typical X, the sample
complexity of a DNN is completely
determined by the encoder mutual
information, I(X;T), of the last
hidden layer; the accuracy
(generalization error) is
determined by the decoder
information, I(T;Y), of the last
hidden layer.
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100 DNN Layers in Info-Plane without averaging

Information Plane - Epoch number - 0
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Inside Deep Learning
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5% - undertrained 45% of inputs

0% - well trainec
i 5 5 7 911 1 § 5 7 & 11 I 535 § 7T & 11
HX: N HX:1 NX:T

1.0 ! ﬂﬂ:§¢ LTS - —

0.8 | ® -
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0.2 h w
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Normalized Mean and STD
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Normalized Mean and 5TD

The norm of layer 1 - loglog scale

m——

: 2=
E ;- //
"
1 m:Elu“ ] 1600 8000 —
"™ Low SNR phase: _

High SNR phase: memorization forgetting High SNR phase: Low SNR phase:

Linear drift Diffusion

In the noisy phase the weights diffuse and grow like (/)



The Information Bottleneck optimality bound

(Tishby, Pereira, Bialek, 1999)

The IB bound optimality equations:

min . IR X)-BIXY), B>0
| pxl9)= B { j;} exp(—BDLp(» | %) | p(y | 5D

|'l:-";.': ¥l

| Z(x,B)= 2, p(®)exp(-BDIp(y | )| p(» | £)
p(£)= 2. p(£]x)p(x)
p(y|3)= 2., py|x)p(x %)

Solved by Arimoto-Blahut like iterations,
but with possibly sub-optimal solutions, bifurcations (1), I(X; X)




1.000
- ~—
j= 128 1w 250
0.995%
="
e 0.990
=
0.985
i= 35 )
— |nformation Bottleneck Bownd
=+ MNetwork's layer Encoder-Decoder
s | 5 i 6 8 10 i3
nHX: 0

- Layers of optimal DNN converge to [a successively refineable approximation of] the
optimal finite-sample 1B limit information-curve

= Layers must be in "different topological phases” of the |IB solutions
L « The DNN encoder & decoder for 22ch iover satisfy the IB self-consistent equations



The benefit of the hidden layers is computational!

0.7
0.6
0.5
= 0.4
"ua
0.2
0.1
0.0

0.7
0.6
0.5
E 0.4
= 0.3
0.2
0.1

0.0%

One hidden layer

Two hidden layers

Three hidden layers

0 1 2

Faur h

HX:T)

idden |-!I_Ir£‘|"5

IXT)

"0 1 2 3 4 5 6 7 8 90 1 2 3 4 5 6 7 8 0 1

HX:T)

Five hidden layers

"3 4 5 6 7 B W 1 2 3 4 5 & 7 8 90 .

X:T)

2 3 4 5 6 7 8 9
{3 T)

Six hidden layvers

Epochs
T

L

« Epochs
1

More layers take
much FEWER
training epochs
for good
generalization.

The optimization
time depend
super-linearly
(exponentially?)
on the
compressed
information, delta
Ix, for each layer.
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Shannon’s optimality in color names evolution

relative accuracy

Culina AEara!:i EnEllsh

Dyimini

Noga Zaslavsky
2018

complexity 3
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