















































































































Input space a

Outputspace y for regression or 1,1 for classification
Distribution unknown D overXXY
Lossfunction e yxy 0,1
Training set S XiY drawn i id from D

Find a hypothesisprediator h X Y that minimizes the populationloss
h E.fi ihN

Typicalapproach select a hypothesisclass Hey andminimizetrainingloss

arg.my LsChl InEalYih til

Optimization Generalization Expressiveness

Ab.ttminimizels I
Perform.ae sppynseendataYhiguhdef nti7s

are
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Pillars of Statistical Learning Theory


Setting

Task

Statistical learning rests on three fundamental pillars
















































































































Fp argmineyLp f ground truth minimizes Lb over all funcs

hp argMinnentLDh besthypothesis minimizes his over H

hs argminentLs h empirically optimalhypothesis minimizes Ls over H
I Thehypothesis returnedby our algorithm

For theory analyze learningalgorithms
For practice e.g whendebugging poor performance it can help
Pinpoint the underlying issue

high trainingloss optimization or expressiveness issue

low traininglossbuthighpopulation loss generalization issue

Generalization theory strives to derivebounds of the form

recoil w e 1 8 oversampling of 5

Dsh LDñ Ls I g M SH T S

shouldThenman

We wantthe bound to be
1 Tight
2 Insightful so that we can use it for designing neuralnetwork architectures
andtrainingalgorithms

Anexample for a tight but uninsightful boundis thelossover a Validation set

Our Focus: Mystery of Generalization in Deep Learning

Categorization to optimization, generalization, and expressiveness is useful














































































































Last lecture we saw uniform convergence bounds of the form

D recoil w e 1 8 oversampling of 5fromD

then ACh 91MEurFEET.geitttinldEafctydeaersnedmntyp'she's
thedata

Limitations of uniform convergence for explaininggeneralization
indeeplearning basedon empiricalevidenceeg from UnderstandingDeepLearning

Requires Rethinking Generalization Zhanget al 2017

1 NeuralnetworksNNd generalizewell in practiceevenwhen
learnedparameters trainingexamplese.g ResNet50 overCIFARIO
Inthiscase some parameterassignments i.e he7 thatminimize Ls

generalizepoorly Loch ishigh whileothersgeneralizewell h is low

Needbounds thatdepend on the learned hypothesish

2 The sameNNh can fit both the original trainingset
e.g CFAR10 and a set of the same size with randomdata labels

while achieving a farbetterthan trivial populationloss over the

original distribution D Ontheotherhand the populationloss over
random data is ofcourse

trivialy
Needbounds thatdepend on thedataset 5 or distributionD

Beyond uniform convergence













































































































Compression bounds are based on thepremise that the learned hypothesish
can be approximatedby a hypothesisfrom a muchsimplerclassH Forexample

It can containNNswithsignificantly fewerparametersthanthose
in H Inthis case I can inheritthegeneralization properties of H

To beconcretedenote d hint myp 11ha h'kill

reflects the
extenttowhirchhcanbecompressed

into H

tassallthat
the losse is p Lipschitzandthat It hasthefollowing

generalization guarantee
de1011 w p 21 8 over sampling of S fromD

that Achillecallter ngg.cat
is

some complexitymeasure

Then secondWep 1 8 over 5 AsT eap.dk H

Example It consists of hypotheses that can berepresentedusing b bits
and C 7 In1H11 b In2

left argyyy.suylthcxt h'kill Thus that i'all dch.int

Hypothesis dependence: compression-based bounds












































































































Itholds that Ls I Ls I'll 1 edithxii 1m ectiihcx.tl

IEaleYiTexil e Yi I k

lis eLipschitz tmeE.llhkilifff.hn

p.dk 7

Similarly can show that Lp I Loth'll p d int
Thus

As h Ldh Ls1h11 h Lisa'll IDs I'll Ls I Ls Ill
Asch'll 2p.d h H

combining this with the generalizationbound for H concludes the proof

EIs.la
a fullyconnected NNwithinputhidden and output dimensions all

equal to k and depth L

H X We6 WoGC 6Wax Wa weak

Weomitbiases for simplicityand assume the element wise activation

61 is 8 Lipschitzand satisfies 610 0 Forexample 61.7 can be

the ReLUactivation in which case 8 1














































































































Let H be the hypothesclass corresponding to the sameNNwith
parametermatrices constrained to be rank 1

It Xmucks a kindC 6 unix unmakeunmakea

The of parametersused to representat is 2kt as opposed to k L forH
Thegeneralization bound for H basedonquantized parameters is much
smallerthanthat for H ANNhett can inheritthebound for H if

d h H is small DenotebyWarWethe parametermatrices of h Let
Wh wd be theirclosestrank1 approximationsanddenotebyh the resulting
hypothesis It can be shown that

d hH q 11h4 hkill 8 I llWillspectrai lWiWillspectral 1,1111

has thecloser Win We are to rank 1 thelower our compressionbound
error will be

n the PACBayesapproach ratherthanderiving generalization bounds

for individual hypotheses one considersdistributions over H Let Q be such

a distribution Wedefine its populationandtraininglossesby

LD Q ELDCH LsQ Eftsh

PACBayesupperboundsΔsFQ Local Ls a according to thedistance
of a fromsome predetermined priordistribution P over H

Hypothesis and data dependence through PAC-Bayes bounds












































































































Intuitively As P is typicallysmall since does not depend on Sand if

Q is close to P thenAs e shouldalsobesmall

Theorem31.1 inShalevShwartz BenDavid 2014

LEFTbe a prior distribution over H and let decon Then we2.21 8
oversampling S fromD

distributionsQ overH As a KL
2

hfm

Where KLQ1P Enp n
ᵗ is the Kullback Leiblerdivergence

Examples based on computingNonvacuous GeneralizationBounds Dzingat Roy2017

Suppose H corresponds to a class ofNNs Parameterized byWEIR
We take the prior P to be N 0,6 I Gaussianwithzero meanand
independent componentshaving62 variance and to be N w̅ GI where

w̅eakare theparametersreturnedbyour learningalgorithm
Then KL Q1 P 1galw̅12andthePACBayesboundgives

a Lscal lw̅mtT
L ashesisits p

averages Lsoverneighborhood
of o can be seen as a measure
of flatness

This bound depends on both the learned hypothesisandthe data and
with additional tricks can give nonvacuous bounds in some settings














































































































While PACBayes bounds can benonvacous
They are still far fromtight in standardsettings
Existingcomplexitymeasures that appear in generalization bounds

donot correlate well with generalization in practice and so
are unable to provide practicalguidelines seee.g Fantastic
GeneralizationMeasuresandWhere tofindThem Jianget al 2020

Inotherwords it is still unclearwhat is the right complexity measure
to consider forNNs

Conclusion: generalization bounds


