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Continuous optimization Part VI Section 1

This unit
decision variable

min_xinXfleftxright or maxfleftxright
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What are the rules of the game

min f x
EX

ability to evaluate f X

ability to evaluate f X reducesto

f x
f
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Sometimes this is all that's resonable

f x avenueof neural network loss

1000000 pictures
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However this is not enough Need structure

e g Can we Compute hatxinX

Sit flefthatxrightleqmin_xinXfleftxright099 I

Xleft01right fleft01rightrightarrowleft01right
0

No let fleftxrightxx
secret

else1

What structure helps Next 3 lectures

Structured 1 d optimization
Structured hishd optimization

Dimensionally reduction

Today Why continuous optimization

Language of modern stats ML



Statistical inference Part VI Section 2 1

Common situation

X
truth

Ds1s2s3ldotssn
distribution Samples

Goal inter X from s beginmatrixS2S3ldotsSnendmatrix

observed

dataset
something about
data geresting D

Clinical trial
experiment observators

historical data

pullingoutcomes

treatment works

physical law

weather

election

eg

the internetLEMs nextword sentence distribution



How to evaluate inference

Loss function L maps guesses rest values

Ex We observe S beginmatrixS2S3ldotsSnendmatrix

ii d flips simBernleftPrights1 up P
0 wp 1P

How to evaluate guess hatp7
Reasonable firsttry

LlefthatPrightlefthatPPright
Problem we can't measure this

Depends on unknown P

A useful loss canonly depend on known quatties
SI beginmatrixS1ldotsSnendmatrix
noily reflection
known

ok

X
perfecttruth
unknown

not OK



Parametric statistics

Particularly clean case D completely

Pst L
by unknown xinmathbbRpartial

Ex to Gaussian DNleftmu1right
mean variance

density of ssimD

pro

propto

set expleftfracleftsmuright22right
mu

Ex Highd Gaussian DNleftMinmathbbRpartialIdright
density of SsimD leftSjsimNleftmuj1rightright indeed

leftvright22V12
α expleftfracleftsmuright222right distance

Eucliden beginmatrixv22vdotsendmatrixvr2



Given samples S1ldotsSnsimD parameterized by
mu

How to estimate mu

Idea Maximum likelihood estimation

Real life MrightarrowDrightarrowS1S2ldotsSn
likelihood

Our guess hatMrightarrowDrightarrowS1S2ldotsSn
Likelihood of producing observations 5 S2ldotsSn

if true distribution was NlefthatM1right

alphaprod_iinleftnrightexpleftfracleftSihatmuright22rightexpleftfrac12sum_iinleftnrightleftSihatmuright2right

thehigher

thebetter



Often more convenient to work w

exp NLL function of
hatX guess

S1ldotsSn samples

Max likelihood minimizing negative los likelihood

leftlossright
Write density of S1ldotsSn as likelihood

function of guessed parameter hatx
Use NLL as loss return arsmin NLL

hatx

how Continuousalgos

Ex to Gaussian

LlefthatXs1ldotssnrightsum_iinleftnrightleftoverlineXsiright2
Theory how many samples needed for error



labelfeatures

in mathbbR2
More examples

Linear regression

e g Xi height weight salary eye lolor

y Vertical jump

Statistical model

in mathbbR

Sileftxiyiright

sum_jinlefttrightWjleftXirightj
WrightarrowDrightarrowYileftlangleWXirightranglexii

xiisimNleft01right noisey
W

X

Single sample alphaexpleftfrac12leftyileftlanglewixirightrangleright2right
ary
hatW
min frac12sum_iinleftnrightleftyileftlanglehatWXirightrangleright2MLE



Linear regression supervised come w labels

mean estimation unsupervised

regression

US

Classification

yinmathbbRAnother divide

within supervised y123ldots

Usually require link taking mathbbRrightarrowclasses

Ex Logistic regression generalized linear model

leftxyrightsimD parameter WinmathbbRd

y1wcdotpsigmaleftleftlangleWXrightrangleright0wcdotp1sigmaleftleftlangleWXrightranglerightgammalefttrightfracet1etvarepsilonleft01rightsigma1lefttyright

wforall

morelikely

0morelikely Xchthked inmathbbR



Related task Clusterhy

XisimDj
Observe X1X2ldotsXn

Estimate j1j2 In Clusters

j12ldotskleftleft2rightright

Inference

what group structure

Despite beins discrete often helpful to parameterize

data likelihood continuously real life essy to optimise

Other inference tasks

hypothesis testing uncertainty quantification

causal inference experimental design



Machine learning Part VI Section 2 2

Cultural difference supervised ML uses inference

primarily as means to make future predictions

learning
Evaluation test time loss

memontaton

leftx1y1right
leftx1yrightsimD training data

receive

vdotsleftXnYnright
evaluated on leftxrightsimD testpoint

model as goodenough

to predict the truth

realizable

agnostic

Optimization agnostic setting

XrightarrowDrightarrow 5 52 beginmatrixS3ldotsSnendmatrix

XapproxDrightarrows1s2s3ldotssn



Nonetheless many ideas perspectives from

Statistial inference useful in ML

The recipe

beginmatrixS1S2ldotsStSt1ldotsSnendmatrix S

future testtrakins data holdout evil data

Choose expressive parametric model

rholeftxwrightxrightarrowhatylearned

parameters
features predited

label

Choose loss Lleftpyright to evolute predictors

eg lleftpyrightfrac12
l left1yrightlogfrac11pylosfrac1p

0 Cross entropyleftpyrightleqfrac12
Zeroone loss Smoothsurrogate to Zeroone



Train your model

hatwleftarrowarsmin sum_iinlefttrightLleftpleftxihatwrightyiright
How Conthuous optimization

Evaluate on holdout

frac1ntsumiel
C
or x_HLleftpleftxihatwrightyirightapproxnotinleftLleftpleftxhatwrightyrightright

leftxyrightfresh simple
Rinse repeat until happy Careful adaptivity

Modern upgrades 1 deep neural nets

p

hatW

specialized optimizers Adam AdamW Muon



Turns out recipe works in other paradigms

Generative models

DrightarrowS1S2ldotsSnrightarrowhatD
e g.cat pictures leared D

producenew samples

e g LLMs autoregressive p 1w̅Susi Smi

diffusion heart net Pleftldotshatwright used
to learn trajectory for diffeg

Reinforcement learning


