
 

Lecture 15

Basic Machine Learning

Optimization
Convexity

Gradient Descent

Private Machine Learning

DP Gradient Descent

Announcement Recitation in persm 4S
Review basic ML stuff
HW2

TCS 434 7pm Friday



Linear Regression
feature x y label

labeled example x Y
Xi total bill
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Linear Classification

X SATScore GPA
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Private Optimization

Given a data set X CK Xn
loss function f
feasible set of parameters Cf Rd

weights

Empirical Risk Minimization ERM

wmc.iq L Wix In Ei llwix.tt Optional
RegularizationEmpiricalRisk

e.g www
Often C Rd



IImpirical Risk LG x II elwin
Population Risk w P ftp.tecwix

Usually ER is a good proxy for PR

Differential Privacy Preventing overfiltry

Examples of loss functions
X Cx Yi CvnYn

Squared loss Wix In Ei w.at Yat
Hinge Loss L wix In E 1 Yew x
used in

support rectormachine a
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2 Criteria Captures predictive accuracy

Easy to optimize



Convexity sets and functions

C E Rd is convex if V x.yc C.te 0 it
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Local Search
Loss
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Loss from Neural
1 Networks I C XX R

f w x measures Loss
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Gradients

1 dim example wer l

Uf wicxi.y.at wa Yi µIn 1 d gradient derivative

Dw f within _z w Xi Yi Xi chain
gradient Rule
w ret
parameterW

multidim example Wix CRd
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Dw l within _z Kwik Yi x
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Arg over all gradients
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Projected Gradient Descent PGD
Logs Fesasigble faffing

rounds

PGD L C M T

Init Woe C any point

For 1 1 T
gradient Gt PL Wte
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Backpropagation
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Output WT tiferstate

C
or

F EE we Average

iterate



Robustness to noise in gradient estimation Gt

Two sources of noise

For efficiency 50 so million
t

Sample a minibatch BE 1,2 in
gradient estimate ge Fei 0wL wt a Xi

for privacy Add Gaussian Noise

94 get NCO EH
from Gaussian

wreck
In both cases

It is an unbiased estimate of gt
FILTH gt


