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Last Time: Training vs. Testing

A In supervised learning we are givetraning setX and y.
I But what we care about &st error. are prediction accurate onmew datd?

A In order to say anything about new datseedassumptions
I [ID assumptiontrainingand test datadrawn from same distribution.

A Often, we have an explidiést setto approximate test error.
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A Golden rulethis test set cannot influence training in any way
I Otherwise, not valid approximation of test error.



Fundamental Trad©®ff and Regularization

A Biasvariance and other learnintpeory resultsto trade-off;

1. How small you can make the trainiagor.
VS.

2. How well training error approximates the testror.
A Simple model¢ KA I K O NJ AyY busditt SNNB NJ 0 dzi
A Complex modetdow training error bubverfit.

A Regularizationreduces overfitting in complex models.
I Common approach is k2gularization:
argmmn LYo ~ I+ 2 ][]
I Increases training error, buypically decreases test error
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Last Time: Logistic Regression

A We consideredbinary labels, and classifying with sigm{x).
i Squared errorf™ ¢ y)2is notideallJSy I f A1 S& Y2 RS
I Minimizing number of errors is also not ideaZhard.
I Tractable upper bounds arenge loss and logistic lass
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I We also discussed defining losses with multiple classdgi{axloss).
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Course Roadmap

A Part 1: Overview of Machine Learning

A Part 2:Largescale machine learning
I How do we fit these models touge dataset?
I Why are SVMs/logistieasywhile minimizing number of errors lsard?



Convex Functions

A We are first going to discussnvex functions
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Minimizing convex functions is usually easy

Minimizing nonconvex functions is usually hard
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Least squarespbust regression, logistic regression, support vector
machines, multclass logistic, brittle regression, Poisson regression.

All of the above with L-Pegularization.
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Cconvex Sets

A First we need to define eonvex set
I A set ixconvexif the line between any two points stays In the set.
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Cconvex Sets

A Examples: Z///

e
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Showing a Set Is Convex
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Intersection of Convex Sets

A Intersection of convex sets is convex 5,5,7 T Lol =07 N\ 7o | ILell <107

s a (onvex set
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Convex Functions
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A Examples:
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Differentiable Convex Functions
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TwiceDifferentiable Convex Functions
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Concave Functions

A Thenegativeof a convex function is @ncaveunction:
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Showing Functions are Convex

A Examples: U @L
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Showing Functions are Convex

A Examples:
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StrictlyConvex Functions

A A function isstrictly-convexif these inequalities strictly hold:
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Operations that Preserve Convexity

A There are a fewperations preserveonvexity
| Often lets us avoid calculating Hessian.
I Often lets us prove convexity of na@mooth functions. VQ[Q%?/»V//?]

A If f, and {, are convex, then convexity is preserved under: :fl”m
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Current Hot Topics in Machine Learning

A Graph of most common keywords among ICML papers last year:

A Why is there so much focus aieep learning and optimizatich



Why Study Optimization in CPSC 5407

A In machine learningraining is typically written as optimization
I Numerically optimize parameters of model, given data.

A There are some exceptions:

1. Counting and distancebased methods (random forests, KNN).
A See my undergraduate course

2. Integrationbased methods (Bayesian learning).
A Covered after largscale optimization in my grad course.

Although you still need to tune parameters in those models.
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The Effect of Big Data and Big Models

A Datasets are getting hugee might want to train on:
I Entire medical image databases.

| Every webpage on the internet.

I Every product on Amazon.

| Every rating on Netflix.

I All flight data in history.

A With bigger datasets, we can build bigger models:
I This is wher@leep learningcomes in.
I Complicated models can address complicated problems.
A Now optimization becomes a problem because of time/memory
i2S Ol yQ 2 rem@y\Nd anfO&iRperation.
I Going through huge datasets 100s of times is too slow.
I Evaluating huge models too many times is too slow.



Fitting Logistic Regression Models

A Recall thd_2-regularized logistic regressiafjective function:
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A This objective function istrictly-convex and differentiable
AButweOl v QU F2NXdz 0SS Fa tAYSE NI @
A Nevertheless, we can efficiently solve this problem.

A There are many ways to do this, but we focuggordient descent
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Gradient Descent

A Gradient descernis based on a simple observation:
i DAGSY LI NodesionoNIgesPdecreaseisf(wo)).
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Gradient Descent

A Gradient descenis based on a simple observation:
i DAGSY LI NodesionoNIgesPdecreaseisf(wo)).
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