















































































































6390NOTESSHENSHEN

Ess EEi.ge'atiézining senators usesan 3

is

iii iii continuousmouse

ex predictingcity'senergyusage

training Data Dtrain xi.gl 4,94

featurevector x

x and
label x

iiiiisiiii.iei

train EEE hypothesis

steer

Hypothesis that can take in new outputnew y

want to makegoodpredictions

iii iii
means

Training error Etraincus Eunexis yis averageloss on trainingdata
Test error Etestini t I it Lenexis gil averageloss on nounseen test data pts

ordinary least savares regression

train éEÉm hypothesis

params

LINEARhypothesisclass nex.es ca.az oa i x

SQUAREDlossFunc unexingis Cox gina
features

Deriveocs

i writetrainingerror see in scalarform

a rearrange into matrixvector form 5101 x0 y o y objective

3 setgradient to to zero

a solveoptimalparams of axtxt extx closedformson whenwelldefined isuniqueminimizerof


















































































































avg.atzining

E i ie

219 Recularization cross validation

cxtxiixtye.ir onlyworks if ex arevectors

t.itiiEitii
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b linearlydependentfeatures of
extempofloc agebirth.gr

closedformformula oneextxixeyundefined

optimalson manyoptimalo notenoughinfo to pindowna uniqueson

1371237

silent g anpositivesemidefinites

ex assumeme you then a Its
in middle verysensitiveinfo
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t.EE ii E man

smallchangein x wildlydifferentprediction

idea penalizelarge in ourobs explicitregularization

age xtxtnxel ix.ir

for x o x x axe is alwaysinvertible sootriagealwaysexistsand isunique

ex x 0 no penalty reduces to ous

x 1000 hugepenalty forces o o

100 rewardslarge counterproductive xso required

is hyperparameter
a

brain
regression

affectslearningoutcomenotlearnedbyago

we need to choosehyperparams like

can't use training error wouldalwayspickx o

can't use test error wedon'thave test data

hold out sometrainingdata x y xn yn
use Dual toevaluatenow Dtrain Dua

gooda hyperparamis

main
Recession Etaci

for eachxeeo.mn to

train on Dtrainwith

computeEval t on Dva

returnargminevaica in this example compareEval.isus not returnsmallestvalidationerror

dividedata
trainchunks
choose
find


















































































































2in Gradient descentmethods moregeneral efficientago to train our memodel

Gradientdescent

oramentee.irmeiamisdefined pointp.ca em as step lygi
i gradientgeneralizes concept of derivative tomultipleaims

2gradient's dimensionalityalwaysmatchesfunctioninput

s can be symissie or nitric evaluatingsymbolicgivesnumeric
4 gradientpoints in directionof steepest increase in functionvalue W
s gradienta function minimizer is necessarily zero W
ODALGORITHM

i

escalingfactor

precisiongap or
repeat
go on

trackingimprovementovertime


















































































































Gradient Descent Properties

at a global minimizer the t.si I tsradientdesc
canachievethis to arbitrary pre

convex any linesegmentconnectinggraph f lies above or on thegraph
optimizationtheoryguaranteesconvextunes converge efficiency

e sense always convex

triagewith so alwaysstronglyconvex

any 2 pts that are connected on graph
the line segmentlives above the curve

Gradient Descent Performance

if violatedmightnot havegradient can't rungradientdescent
if violatedmightgetstuck a saddlepoint

if violated maynot terminate converge ex a line

I ifviolatednotcloseenough


















































































































stochastic Gradient descent son

greenarrow
is the 3aug

sic a it is best fit paramalready so
grad o no roomforimprovement

EE

son is rougherbut lesscostly

tired esizesample is


















































































































2123 Linear classification É in E gscrossentropyloss

intuitivelyseemseasiersinceoutputis

discreteset but it'sactuallymoredifficus

Linear binary classifiers

shared

linearcombo

zoptions

seperatori

othreshordoanwayspointsetfeaturespacenaturallossfunc.choice

to imstEe ii czerogroa.s.sumps eisewne


















































































































Linear cooistic binary classifiers

stomanout confidence or estimatedlikelihood that x belongs to the positivecross

monotonic elegantgradient smoothedversion

00 can flip squeeze expand or shift the act graphhorizontally

lossfunc cancg.gg logg
likelihood

loss it theless

i get out model'spredictedlikelihood that
belongs to thenegativeclass

loss 3 s now

encourage closerto 1

closertoo


















































































































Linearmulti classclassifiers

Esons

nonneg

generalizationof a

one Hot encoding

generalizes from 0.13 binarylabels

encodek classes as IR vector w single 1 not as elsewhere


















































































































312 FEATURES NEURALnetworks

systematic Feature transformations


















































































































builduphigher higher
terms morepolyrelationships

reference

k hyperparameter that determinescapacity expressiveness of hypothesisclass

models w many rich features freeparamstend to havehighcapacitybutgreater risk of overfitting

now to choose k validationcrossvalidation

Neuralnetworks


















































































































NN Fundamentals

nonlinearfeaturetransformation

among sane no mean amp es n e
expressiveness

st backpropagation efficientlearning

ddim

ado

scalar
scatarinscalarout

LAYER


















































































































identity sigmoid

Desionchoices


















































































































compositionsof recucanbequiteexpressive
evenjusta newneuronsalreadycarvesa
non trivia surface

width neurons in layers

Depth of layers

increasingwidthdepth in non linear

activationmakesmodel more express

but also incr risk of overfitting

319

Backwardpass to learnparamsweights

iii iii
9 9

chainrule 13.61
an preact

in

912
Postact

109191

119,113.61 1099,96

is sw EEE's


















































































































PEtia

Positia
shared

ie
evaluate

togetvalslearnparams
notguaranteedto beoptimal

issues REMEDIES

1 a
win as

a
z L iz

w̅ is

1wi z 6

eratxa erbBoxb

85 1 Jerboxbixaoxa.c lq.orglpgEpartialderivatives

ex 9 1 22 3

inputinto revise zi



































































































































































































































3116 ConvolutionalNeuralNetworks

784inputs mustcalculate13kparams

have a specializedstructurednetwork tohelpfightoverfitting

partlyfullyconnectednetsdon'tscalewellforvisiontasks

visualhierarchy

I spatiallocality zoomin comparethingsarounda pt
translationalinvariance shouldrecognizeantypesdespitedifferences

aane.no gene gene cannon anygo.mgtomanageimages e gang go.ae


















































































































1 atoning thefilters ID

my

111
me

slide
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strideof 2

stride of 2 Pandinosize

eachfilterhelpsw patternrecognition


















































































































3DTENSORS

30tensors
20matrices
stackedtog

collectionof an images ex r o B eachchannel is acompletebut independentviewof thesamescene

can stackcompletebut ind channels

channelscomefrom


















































































































poolingacrossspatiallocationsachieves invariancewant smalltranslations

largeresponseregardless of exactpositionofease

imagenetclassificationerror


















































































































patternmatcher
designed to lookforspecificlocalstructure
1 surroundedby 0s

orgate thedecisionmaker 2 if imagecontainse leastone instance
of thefilter wt maxix onappliedto it

evidencegatherer recufiteÉo é indeckeepmatchesbut
w.IE EE E ia


















































































































3130REPRESENTATIONLAYERS

Trainingnonclassifier

targetout

fromlatentembeddingstodatagenmodelling


















































































































humansalsolearnrepresentations

compact minimal

interpretable understandable

makesubsequentproblemsolvingeasy

SELFsupervisedLEARNING

supervised selfsupervised

2 unlabeledfeatures

lotsofunlabeledfeatures
on theinternet

maskingpredictcolorfromgrayscale onemethod

whorelying on labels

Eris

AUTOENCODERS

unsupervisedlearningcreaturereconstruction


















































































































AutoEncoder

training testing

wordEMBEDDINGS

embedwords vectors

12wordsclosesemanticallywill becloser together


















































































































goodwordembeddingsspace is equipped wi sensibledotprodsimilarity

masking


















































































































masking75010 isoptimal forimages
15010optimalforlanguages
95010optimalforvideos

contrastive learning

glimpseof an objectmighthaveassociationwesmtingelse

croppartsofimage constructnetworksit patchescomingfromsameimage are encodedclose together

multimodality

predictsoundcowmakesbased on image ofcow

ex input onlyvideosoundof ocean um output soundof ocean


















































































































416 recapwordembedding

Transformers

inputembedding a smallchunkseach of whichwe a mapping ex opt z n nos apes neroot

passedthroughattentionlayervalvesinternallychange thenmultilayerperception

wordembedding tosoftmaxdist over vocab want correctword to beassignednighprob

iii representation emore
look surroundingwords soak in context to getmore specific representation


















































































































4setsofweights
wecanlearn
lwa.wic.nuwo

1lavery keyvalue projectionlinear

transformationd

wordembeddingdiccalcus embedding learnedwayofphrasing
goodvalueresponse

whatto ask

givingananswer


















































































































attentionhead

onceyouunderstandhow to phrasegoodquestion it'svery

reuseable2attention

mean.query

comparingdotproductsimilarityforotherppiskeys

softmaxattention

scoresParallelstructurally identical processing cancalculate to win as

wa wa weshared w anelements but eventhoughquestionmeaning is the same wayquestion is
askedmight be slightly

differentATTENTIONHEADcompactmatrix form


















































































































each tokenmapstoquery

tokenrow

query
co i

keysQ
Kiernanturn

to
distribution
siteach
rowsumsto1

update
internal

representationsonly

care
aboutthe
infoyouwant


















































































































multiHeadattention

bigparanerprocessingmachine

youcanlearna diff pacesbut still all learn

fromeachother'squestions parallel don'thavetowait

toothersto learn

inputconcatenate

as
z.output

hyperparams


















































































































exama

contentsLecture

to markovdecisionprocess this in create reinforcement

learningpolicyeval similartofwdpassgivensmting evaluatingqualityof that

thingpolicyopt similartobackpass searchingforsortingofgoodquality

findinggoodpolicysimilar to findinggoodset of

weightsSstatespace containsan possiblestatess

A actionspacecontainsan possible actions a

Tsa sis probability of transitionfromstates to sowhen action a is taken

Rleftsaright reward takes in a estateaction pair returns areward

rinleft01right discountfactor a scalar

pileftsright policy takes in state return action

6021 of MDP is to find goodpolicyin6.390

is a smalldiscretesets

si e a shorthand for next timestepstate

actionyour
futureonlydepends on

yourcurrentnot your

pasteverystep action determines

thenextfuture step

POLICYEVAL
value func longterm sum calc expectation


































































grouptail portions

recursivelydie

down to static vars



policyoptimization

optimal policy at policythat yieldshighestpossiblevalue Vnleftsright fromevery Sate

might not beunique

Vnpileftsrightmsx_piVnpileftsrightVnleftsright uses

Vleftsrightdefinedover St aies not actions



Tis b sit action b matrix

colswhereyouend up sifromso
foms
frons 2
frons3wholerow fromstateo take

action412

reinforcement learning



Tabular a Learning

once we have a values we basicallyhave everything we need to getoptimalpolicy



downweighwe α and
add in old belief

EGreedyactionselectionstrategy

withprobability e chooseaction ainA uniformisa random

duringlearning esp inearlystagesexplore andobservediverse leftsarightconsequences

with probability i e chooseargmaxa Q0dleftsaright
during laterstages we can act more greedingw respectto currentestimated a values

in beginning biggermoreexploratory butsmallerlater moregreedy

trades off exploration us exploitation



FITTED a Learning

a learningfor largecontinuous s A

we can't keep a table must approx Qleftsaright w function Qthetaleftsaright

a learning is basicallysome version

ofgradientdescent





lecturer Non Parametricmodels modeldoesn'tassume a fixedfunctionalform for n complexitygrowswith dainfty

interpretability intuitive

insight

speed

adaptivitysimilarity

Basedmethods

knearest neighbor

becautious when

largen or a courseof dimensionality

many irrelevantnoisyfeatures

features on diff

scalesbecomes

paramsk
meansclustering structuraldiscoverywholabels



Kmeansobjective

cranaassign

checkuntil
loco
canclusterto

from



tree basedmethod

averaging

prea.recursion

classificationtree

entropy is lower for more pure lessmuddy do




