
xin ti lXw 11 Xin ti

L2 y tip it_12ᵗʰ 22norm
p f x Ex p E d 1 1 6

thisisnotunbiased
butwithincreasing Nconverges to

batch SGD DwE w al y xiw til 2 forrandomlychosen data

Perception class

y XTW

if t.ly C O whenwrongclass

W W tx movetowards theright

Categorial Epi 1 p x p

EEx P
var x pi l pi

I x log.PH log

HIX E I x pixi logp x

H PQ Ex p Elogax
H PQ H P canonly addthelevelof surprise

when
goingover anotherdistribution

DauPHa H P Q HCP DaPIQ Dunlap



sigmoid
ex log regu p C x o XTw b

pro x h p calx
softmnxi.ge

5rxiw log E
theintrobetweenthesetwo calledlogit

Universal approximation theorem canmapany IR IRfunction into

a setofRelVgates thereforeMLP if Ihaveenough space

precision
jp p

recall TEEN

bison
p i pve.at

sanwighthow'fpFpIfFu
muchwecare about recall

more than on precision

micromuch Fscore
microfirstcountsall
machocounts individualandanys

6 nerest

YI t us forhnearestpoint
2 thiscouldbe a vector
overmultipleclasses

andwedoaymaxoverit

Dernels A x z e xT e 2 but without explicitely computing aid
homogeneouspoly heriffye gxt.at xpnah ford 2

RBF A x 2 e 0.1
2

like a soft bnearestneighbour
thankstoTaylor expression considersalldimensions



REVISETHIS
e
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Dual kernel formulation

w Bielxil y 2 Bill 2 x b

linencombination
ofallvalues

wecomputeUi andthinwith SGD

SVM
argmin 111Wh constmintedto tiyxi 21
wis di.byxi

w̅
limit airtigix 1

this wewant tomaximise
w antiqxi minimizing w

UUTvalues strictly on one sidehave a OO aiti
a tiger 1 0

ai aiajtit.suxi x thiswewanttomaximize

perceptionwouldneverfindoptimal separating hyperplane

support vectors boundary is a subsetofclosestdatapoints

SoftSUM
14W C airtiy xi 1 Gi EbG minimizing

4 20 bi C ai

thesofteningconnection

E byxi 1

lyrx fil otherwise howmuch I amoffset

MutilussV1 oneversus rest U classifiers thestrongestvoicewins
One versusone 1 classifiers majorityvotesclasswins



TFDF TF qft IDF log fn
x TF IDF reflectshow important the document is

MutualInformation

1 X Y Hr H Y x

EElogPral E loyPxly

log y
howmuch Isee xy togethermovelessthanindividually

Covariance

Courtix EX Ex y_Egg
P comcoef

p.EE raa

EEXY EIXJ.EEY
theyareuncorrelated

Ensembling

E An ex to ciman fElla.EErx
explicit start

Bagging
bootstrap aggregation

everymodelreceives different
dataset

randomlydrownwithrepetition

Decision trees

minimizing CftCtr Ct forsplitting node TtoTLandTR

Ct t_It Fifi ti
usually wealso incorporatesomerulestomanagethetreeshape

can alsopausethe treeafter tmining willincreaselossmightdecreasecostsmedially
Gini IT Pt h 11p a Entropy ITI HPt



Bias Variance tradeoff

MSE fix y BIASFIX VARIANCE IN
Bias Itsthedifferentbetween thepredictionandrealtargetofthemodel
Variance Represent theamountofchangeofthemodeloutputwhenwe

change thetminingsetThehighervarimeethemorewe learn

spee featuresofthe trainingdataset

it is theexisting realnoiseofthedatawecan'tgetridof

Error variance

modelcomplexity

underfitting overfitting

For hNN lowh n lowbins high variance
highh highbine low variance

Thehigherh themoreweaverageoverthe

sampleandthelowerwegetthevariance

However thehigher getsthebine because it

is harder tocatch localfeatures

ROC AUC n randomclass

Tpp
y

fete
wanttogetthecurve asclose

Ialways satytheleft
topcorneraspossible

I s



Recall FIFN
Fission go.fi nason ffFif ep

Precision TFIFP

Gradient Boosted Trees

wetrain trees sequentially everynexttree triestofixvaluesoftheprevious
wecoulduse secondorder derivatives wedon'tneedto setlearningnitesanymore
butthere aretoomany anditsexpensive

Trees vs MLP

it makes sense touseTree whereeachfeaturehasitsclearimpact on output
11 MLPfordatawhere features are unstructured

PCA
dimreduction featureextract

MaximumVariance Form
thehigherthevariance in a dimthemore there is information encoded

Iwanttoremove thosedimensionswith low variance

they correspond to the M C N highesteigenvectorsofthecovariantematrix S
MinimumError Form

wehave basisvectors projectionofdata intotheortogonalbasis

andme choose such vectorsfrombasisthatweminimizethe
projecting loss

weendup with M CN eigenvectors representing the subspace

U Means clustering firstinitialize means of clusters

1 findclosest clusterforeachinput
2 morecluster center towardsmenuofthecluster



EM Gaussian mixture

we suppose dataare normally distributed

we try tomap a distributionsforU clusters
we use EMaly for evaluating thedistributions andmaximizingtheprob

forcorrectsampleclassification

Hypothesis testing

p value prob ofobtaining teststatistics atleastasextreme
as theone observed assumingnullhypothesis

1 Formulate Ho H
2 Chooseteststatistics

3 Compute test statistics

4 Calculate p value

5 Reject Ho if pvalue below
riskyshoesithholdthe



Mysolution

WhyMLPperformedpoorly

Imergedsalarieswithonehot thereforegradientwasstrugglingtoflow
through the 0 1features compared to 20000 salary
Iwrote sharpboundaries which ismisleading andwas meant

to supportthedecisiontrees whicharescalefree

Ishouldhaveused MinMaxSealer or StandardSealer

Missing textprocessing
Shipped because I wantedtofirstcomeupwithany baseline
Itcarriesthemostimportantinformation
Insteadwecanincorporate TF IDF asthebasic measure

takeallwordsfrom title removestopwords removeextremecounts
generatebuyofwords
Icouldalso introduce lemantiationstemmingtodecrease buysire

there is didf veletorizerinshlearn

Wecoulduse Word2Ver or another tokenizer evenpretmined

Wecouldfincture smalllanguagemodel BERTtomakeIntentsaboutthetitle

MissingSalary

againfor Trees it doesn'tmatter forMLPitdoesmatter
instead Ishould have modelleditwith another variable

Models used

RandomForests

Builds asetof fulldecision trees with begging subsetswithreplacement

Whendoing splitting thetree is lookingonlyatcertain random numoffeatures
Wasusing only smallnumberof featuresforsplit A therefore it couldn'tperformwell



AdnBoost

Building classifierfrommany weak learners treesofdepth 1 sequentially
Eachstamp tries toclassifybasedon a feature

isevaluatedandgets a f laFtth error sumofweightsof misclassified
We thendecreases weights for correctlyclassified Leaseweightformisclassified

themodelis thenforcedtolookforhardcases innextround
Finally Imakedecision as a weightedvoteofallweahlearners withweight4

Why itworkedso well
Technically itworks as a feature selector eachstump

Eachstampis scaleinvariant

AdnBoostwillalso convergeto try solvingthe hardcases and
thereforemighthavebetterfinalscore

Whatmight beits weakness

It issensitivetonoiseandoutliers as itmoreandmoretries
to solveprimarily the difficultitems

Gaussian ProcessClassifier

inputscloseinfeature spreeshouldhave same labels

it uses kernelfunctions likeRBF to define
thefeaturespace andthe distance

between them

it is O N3 intimetherefore itwould bedemanding torun
on big dataset

the kernelfunction works as a covariancemetric

he can splitthe domainspaceinto various subregions



Things I didn't know
given logisticRegression and MLPclassifier what are thelosses

canyou
describe Adam andRMSPup

gradientsplitformultibendsolution

given L1 and L2 whatcanbeconsidered a feature
selection L1

Another things

Bias Variance tradeoff

Overfitting underfitting

Somegeneralquestions
between classification andregression

When havingboth regressionand classification headfromsame backbone

how doyou propagate gradient

explain minibatch batchand stochasticSGD

I wouldbe so happyto getanyoffer fromexpedin
Additionally landing the MachineLearningScientist11job
wouldbefantastic as it would quickly movemetosuper
position On the otherhand theMachineLearningScientist Gundunte

willallowme to explorewhatMLScientistworklooks like

at slowerpace withmoretimearound

Bothpossibilities areperfect
Pleaseplease I would be sohappy if thisyou well



Losses Gradient

logistic regression

NLL f E log p Cti Xi w yex t x

Fxiwl.ly ft i
Multiclass logisticregs

NCL f E log p Cti Xi w y x 1
considering thatgkiwl loyfpfet.fi

lpggyy.e
Linear

regression

MSE Eye t
yex t x

infactalsoNLLwhenconsidering

wepredictnormallydist data

Additional losses

Hbv1Stwhensmallerror MAEwhen largeerror
it doesnotexplodewithlargeoutliers

Hinge loss
maxia l y.gl

when corrent classification beyond safetyboundary tangin s 11
guidient is always sew

used in SVM



RMSProp meanofthesecondorder

Up BUtn Aplg βusually 0,9

Otin d valuesupdatedby
normalized winning

avyofthegundient

Adam

Mt βMtn tmoft my ftp.t
P24.1 1 12 gt fastconvergence

ftp
Atn Qt o hee

I keep updating gradient momentumand only update
gundient by theupdated momentum considering previoussteps

Hypothesis testing

Wewill measure PdataHol Ho nodiffbetween modelAandB

Myprojects
market value price change indicator LSTM Regressor largetraining dataset pytouch

train driver navigation large geospatial datapython
Market Value Server biggestsoftwarewritten

Dissertation

Hention spanexploration with LLMaided decision making

howtomake CLMSmoreaccuratein pickingfrom listofoptions
rightbalance betweencontextsizeandinformationdistr

LLMuncertainty reasoning

howtomeasurethecertaintyofLLMoutput Howtomoreeffectivelythink



Please Ihope AnneMormawillbe fine
tomorrow wewillhave a nicechatandshewilllikeme
Iwouldbe sohappy getting myoffer as it would

open mydoors to the Machine Learning Science world
which I would be veryhappy partof Please


