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The stages of theory
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Stochastic gradient descent
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... Other optimisers are often substantially
better than SGD...
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History of Adam

A Direct Adaptive Method for Faster Backpropagation Learnin

The RPROP Algorithm
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Lecture 6e
rmsprop: Divide the gradient by a running average
of its recent magnitude

ADAM: A METHOD FOR STOCHASTIC OPTIMIZATION
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RMSprop optimiser
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Adam optimiser
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Models of smoothness
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Taylor expansions
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Model #1: Lipschitz smoothness
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Model #2: cubic regularisation
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Model #3: mirror descent

7[7/‘81494*@ T&%fof to wrekt TS an le'.

o((VMW) = | L (w) + ?TVZ\W + ,((M/+AIA/) — [Llw)+ g7 AW

5]_/L& e 0‘./0‘4!“ WW e d’l/\.{,\/a- (en r}/LZ_, S‘Q/wv\O( QQ?(.( M(mf-
ALk ,ruj@ul'f nwdhiry - as:

hw+Aw) - (L(L«/) + \—/Wla(w)—l/_\l,/)

wlhee W U o Conltx d:wvu(—\‘ofx tLlek we ol j_wzs. Fo d»DoM.—,

F/ZO > Lo x d,L,LA/L/Hw\f arl UAJ fo dacd aw i

PRO = e A ko Uvoe h ko model ow Loss 7£vmc/4'fem A
N tlere Aoy ke no aaaal ol rx o ded o F A
LI/Q— 5///{ S0 o ’HU4‘ L\/L‘j na‘J (f CQ/[QA //,&M‘/W/‘(( MJ’C.?/\—’" 18



Gradient descent is a special case
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What's missing?
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NN perturbations bounds
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Trust in a Taylor expansion
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Small relative updates

Teis fl/:jﬁe/fb Cun o»FHM‘. §eRon @(&W‘IHH Flat oo

ﬂ/p;n T

a L g av

Suek - 4//4“"4/, 3 ¥}
thak YI(I ”L///FF> ( Jmeadl

ok [J/ e e MVD{L‘,I'Q/[ Flef cre M‘:j/\ld b e
Mjcﬁm Omdzw/ bk et cve Small n refabive
e s Fe,r |at74_r‘,



Per synapse relative updates

T-—f wl oo Jeall ~hehic ufcytwf-u per” Symnepse instead
of per ICMOU v 32/4' o thHFl:faJ—?v& we/ijU— w’odﬁ/"‘l

ECLOL I}FUCJ’\\@/\( G J\\jy\.q,\ow e fler:
o é,mwf J;J o Oﬁad—or‘ |+ £
o Shiulg %j o chdw |— ¢

25



Multiplicative Dynamics Underlie the Emergence of the Log-
Normal Distribution of Spine Sizes in the Neocortex In Vivo

Yonatan Loewenstein,! Annerose Kuras,ZT and Simon Rumpel?
Department of Neurobiology, Edmond and Lily Safra Center for Brain Sciences, Interdisciplinary Center for Neural Computation and Center for the Study
of Rationality, Hebrew University, Jerusalem 91904, Israel, and 2IMP—Research Institute of Molecular Pathology, Vienna 1030, Austria
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Per neuron relative updates
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Architectural constraints
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Nero: neuronal rotator
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Summary
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Next lecture
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