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Last Time: Training vs. Testing

ÅIn supervised learning we are given a training set X and y.
ïBut what we care about is test error: are prediction accurate on new data?

ÅIn order to say anything about new data, need assumptions:
ïIID assumption: training and test data drawn from same distribution.

ÅOften, we have an explicit test set to approximate test error.

ÅGolden rule: this test set cannot influence training in any way.
ïOtherwise, not valid approximation of test error.



Fundamental Trade-Off and Regularization

ÅBias-variance and other learning theory results to trade-off:
1. How small you can make the training error.

vs.

2. How well training error approximates the test error.

ÅSimple modelsΥ ƘƛƎƘ ǘǊŀƛƴƛƴƎ ŜǊǊƻǊ ōǳǘ ŘƻƴΩǘ overfit:

ÅComplex models: low training error but overfit.

ÅRegularization: reduces overfitting in complex models.
ïCommon approach is L2-regularization:

ïIncreases training error, but typically decreases test error.

ïLƴŎǊŜŀǎƛƴƎ ƴǳƳōŜǊ ƻŦ ǘǊŀƛƴƛƴƎ ŜȄŀƳǇƭŜǎ ΨƴΩ Ƙŀǎ ŀ ǎƛƳƛƭŀǊ ŜŦŦŜŎǘ ƻƴ ǘǊŀŘŜ-off.



Last Time: Logistic Regression

ÅWe considered binary labels yi, and classifying with sign(wTxi).
ïSquared error (wTxiςyi)

2 is not ideal: ǇŜƴŀƭƛȊŜǎ ƳƻŘŜƭ ŦƻǊ άǘƻƻ ǊƛƎƘǘέ.

ïMinimizing number of errors is also not ideal: NP-hard.

ïTractable upper bounds are hinge loss and logistic loss.

ïWe also discussed defining losses with multiple classes (softmaxloss).



Course Roadmap

ÅPart 1: Overview of Machine Learning

ÅPart 2: Large-scale machine learning.

ïHow do we fit these models to huge datasets?

ïWhy are SVMs/logistic easywhile minimizing number of errors is hard?



Convex Functions

ÅWe are first going to discuss convex functions:

ïMinimizing convex functions is usually easy.

ïMinimizing non-convex functions is usually hard.

Å¢ƘŜ ΨŜŀǎȅΩ ǇǊƻōƭŜƳǎ ǿŜ ƘŀǾŜ ŘƛǎŎǳǎǎŜŘ ŀǊŜ convex:

ïLeast squares,robust regression, logistic regression, support vector 
machines, multi-class logistic, brittle regression, Poisson regression.

ïAll of the above with L2-regularization.

Å¢ƘŜ ΨƘŀǊŘΩ ǇǊƻōƭŜƳǎ ǿŜ ƘŀǾŜ ŘƛǎŎǳǎǎŜŘ ŀǊŜ non-convex:

ï0-м ƭƻǎǎΣ άǾŜǊȅ Ǌƻōǳǎǘέ ǊŜƎǊŜǎǎƛƻƴΦ



Convex Sets

ÅFirst we need to define a convex set:

ïA set is convexif the line between any two points stays in the set.

Convex
Convex

Not Convex



Convex Sets

ÅExamples:



Showing a Set is Convex



Intersection of Convex Sets

ÅIntersection of convex sets is convex:



Convex Functions

Å! ŦǳƴŎǘƛƻƴ ΨŦΩ ƛǎ ŎƻƴǾŜȄ ƛŦΥ

1. ¢ƘŜ ŘƻƳŀƛƴ ƻŦ ΨŦΩ ƛǎ ŀ ŎƻƴǾŜȄ ǎŜǘΦ

2. ¢ƘŜ ŦǳƴŎǘƛƻƴ ƛǎ ŀƭǿŀȅǎ ōŜƭƻǿ ΨŎƘƻǊŘΩ ōŜǘǿŜŜƴ ǘǿƻ ǇƻƛƴǘǎΦ



Convex Functions

ÅExamples:



Differentiable Convex Functions

ÅA differentiableΨŦΩ ƛǎ convex iff ΨŦΩ ƛǎ ŀƭǿŀȅǎ ŀōƻǾŜ ǘŀƴƎŜƴǘ:



Twice-Differentiable Convex Functions

ÅA twice-differentiable ΨŦΩ ƛǎ ŎƻƴǾŜȄ iff ƛǘΩǎ curved upwards everywhere.



Concave Functions

ÅThe negativeof a convex function is a concavefunction:



Showing Functions are Convex

ÅExamples:



Showing Functions are Convex

ÅExamples:



Strictly-Convex Functions

ÅA function is strictly-convexif these inequalities strictly hold:

ÅStrict convexity implies at most one global minimum:

ÅThis implies L2-regularized least squares has unique solution:



Operations that Preserve Convexity

ÅThere are a few operations preserve convexity.

ïOften lets us avoid calculating Hessian.

ïOften lets us prove convexity of non-smooth functions.

ÅIf f1 and f2 are convex, then convexity is preserved under:

1. Weighted sums (non-negative coefficients):

2. Composition with affine function:

3. Pointwise maximum:



(pause)



Current Hot Topics in Machine Learning

ÅGraph of most common keywords among ICML papers last year:

ÅWhy is there so much focus on deep learning and optimization?



Why Study Optimization in CPSC 540?

ÅIn machine learning, training is typically written as optimization:

ïNumerically optimize parameters of model, given data.

ÅThere are some exceptions:

1. Counting- and distance-based methods  (random forests, KNN).

ÅSee my undergraduate course

2. Integration-based methods (Bayesian learning).

ÅCovered after large-scale optimization in my grad course.

Although you still need to tune parameters in those models.

Å.ǳǘ ǿƘȅ ǎǘǳŘȅ ƻǇǘƛƳƛȊŀǘƛƻƴΚ /ŀƴΩǘ L Ƨǳǎǘ ǳǎŜ Matlab functions?

ïΨ\ΩΣ linprog, quadprog, fminconΣ /±·ΣΧ



The Effect of Big Data and Big Models

ÅDatasets are getting huge, we might want to train on:
ïEntire medical image databases.
ïEvery webpage on the internet.
ïEvery product on Amazon.
ïEvery rating on Netflix.
ïAll flight data in history.

ÅWith bigger datasets, we can build bigger models:
ïThis is where deep learning comes in.
ïComplicated models can address complicated problems.

ÅNow optimization becomes a problem because of time/memory:
ï²Ŝ ŎŀƴΩ ŀŦŦƻǊŘ hόŘ2) memory, or an O(d2) operation.
ïGoing through huge datasets 100s of times is too slow.
ïEvaluating huge models too many times is too slow.



Fitting Logistic Regression Models

ÅRecall the L2-regularized logistic regression objective function:

ÅThis objective function isstrictly-convex and differentiable.

ÅBut we ŎŀƴΩǘ ŦƻǊƳǳƭŀǘŜ ŀǎ ƭƛƴŜŀǊ ǎȅǎǘŜƳ ƻǊ ƭƛƴŜŀǊ ǇǊƻƎǊŀƳ.

ÅNevertheless, we can efficiently solve this problem.

ÅThere are many ways to do this, but we focus on gradient descent:

ïLǘŜǊŀǘƛƻƴ Ŏƻǎǘ ƛǎ ƭƛƴŜŀǊ ƛƴ ΨŘΩ όƴƻǘ ǘǊǳŜ ƻŦ Lw[{κbŜǿǘƻƴΩǎ ƳŜǘƘƻŘύΦ

ïWe can prove that ǿŜ ŘƻƴΩǘ ƴŜŜŘ ǘƻƻ Ƴŀƴȅ ƛǘŜǊŀǘƛƻƴǎ:

ÅbǳƳōŜǊ ƻŦ ƛǘŜǊŀǘƛƻƴǎ ŘƻŜǎ ƴƻǘ ŘƛǊŜŎǘƭȅ ŘŜǇŜƴŘ ƻƴ ΨŘΩΦ



Gradient Descent

ÅGradient descent is based on a simple observation:

ïDƛǾŜƴ ǇŀǊŀƳŜǘŜǊǎ Ψǿ0ΩΣ direction of largest decrease is -​f(w0)).
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