CPSC 540: Machine Learning

Fundamentals of Learning
Winter 2019



Admin

A Auditing/registration forms

I Submit them at end of class, pick them up next class.
AL YlIeé KIS gNRGGSY y20GSa 2y @&2dzNJ F2NY

A Website/Piazza

I http://www.cs.ubc.ca/~schmidtm/Courses/54%/19
I https://piazza.com/ubc.ca/winterterm22018/cpsc540

A Tutorials start Monday after class (no need to formally register
A Office hours start Wednesday after class.

A Assignment Hue Friday.
I Sign up for CS account so you bandin



Supervised Learning Notation

A We are givertraining datawhere we know labels:
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A But the goal is to do well oany possible testing data
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A But you could use squared error or other losses.

I Theexpectation is taken over distribution of test examples
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I We assume that ourraining examples are drawn [ID from this distribution
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A Unfortunately, wecannot compute the test error
i WeR2y Qi KI @S | OOS aver allitest exaples.R A 4 0 NA
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Typical Supervised Learning Steps (Are Bad”

A Given dataX,y}, a typical set ofupervised learning steps
I Data splitting:
A Split .y} into atrain set {train,ytrair} and avalidation set Xvalid,yvalidl
A2 SQNXB F ihg\Alidatién set error as approximation of test error

I Tune hypeiparameters (number of hidden units, polynomialdegree,etc):

AC2NJ SI OK Ol £ RRKRI -Patihbéddz’sS N
i Fit a model to the train setrain,ytrair} using the given hypetJ- N} Y SE& NB &
i Evaluate the model on the validation sedglid,yvaligl

I Choose the model with the best performance on the validation set

A And maybe rdrain using hypetJ: NI} Y&0 N0 a1 KS FdzE t RIFGFasSao

A Can thisoverfit, even though we used a validation set?
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Validation Error, Test Error, and Approximation Erro

Aonn RA & OFzdansatal TraiSff ofiMachine Learnirgg ®
I Simple identity relating training set error to test error.

A We have asimilar identity for the validation error
I If E.. IS the test error and, ;IS the error on the validation set, then:
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A If B pioxiS small, therE 4 is a good approximation &
i 2S Ol Yy QUE.Yss hoivdrNde know K, is small?



BoundingE, o«
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i Labelsy are binary, and we try 1 hypgrarameter setting.
I 1ID assumption on validation set impligg;4Is unbiasedHE,_; | =E..:

A We canbound probabilityk, IS greater thanr.

I Assumptions: data is IID (&Q,;4IS unbiased) and loss is in [0,1].
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i Probability thatE,,is far fromgE.,32 Sa8 R2 6y SELRY Sy
A This is great: the bigger your validation set, the better approximation you get.


https://en.wikipedia.org/wiki/Hoeffding's_inequality
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I So foreachvalidation errorg ;44 We have:
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A Fix:bound on probability thaall | E., ¢ Eiqot D+ £ d25& | N

I Since we showed it holds for all values, it holds for the best value.
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A Combining wittHoeffdingwe can get: e
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BoundingE, o«

A So if we choose bef 4o Y 2 Y Fvalids,Qve have:
()( ' Fuor - Ewl'\g(;\)\ 7€ for =Y /’D < k2 exp(-2€°1)
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A Examples:

I If k=10 and t=1000, probability thaE|,,J > .05 Is less than 0.14.

f k=10 and t=10000, probability thakl,,.J > .05 is less than 19.

k=10 and t=1000, probability thag],, .| > .01 is less than 2.7 (useless).
k=100 and t=100000, probability that},J > .01 is less than 19
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A Validation error vs. testerrodF 2 NJ FAESR Wi Qo
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A Overfittingof validation set.
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Discussion

A Bound is usually very loose, but data is probably not fully 11D.
I Similar bounds are possible for cresdidation.

A Similar arguments apply for the,,,.,Of the training error.
i ValueW]l Q A a 0KS -padevedes Mau ardoptinzibdoMyS Sy A F R2y Qi
i SoWl QO A a dyduily dut keQ{d degiston stumps.

A What if we train by gradient descent?
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A Learning theorkeywords if you want to go deeper into this topic:

I Biasvariance (see bonus slides for details and why this is weird), sample complexity, PAC
learning, VC dimensioRademachecomplexity.

I A gentle place to start is thieearning from Data book



https://work.caltech.edu/telecourse.html

(pause)



Generalization Error

A An alternative measure of performance is tpeneralization errar
i Average error over the set ofwalues that arenot seen in the training set
ial 2¢ ¢Sttt ¢S Sdnpl&ayiunséed SRa dzRB NIDB O
A Test error vs. generalization errshen labels are deterministic:
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A Question 1: whatisthé 0 Sa i ¢ YIF OKAYS S| NV
I The model that gets lower generalization error than all other models.

A Question 2: which modelsiways do better than randomuessing?
I Models with lower generalization error than random for all problems.

A No free lunch theorem
i Thereismmoda 6Saié Y2RSt | OKASOUAY3I (KS 0
problem.

I If model A generalizes better to new data than model B on one dataset,
there is another dataset where model B works better.



No Free Lunch Theorem

Al SG1Qa aK2g GKS dy2 FTNBS fdzy OKeé (
i Thex andy' are binary, and/ being a deterministic function of.x
A2 A K WRQ TFlsdmingzdBlangE ®ap@ism {619-> 0,1}

i Assigning a binary label to each of @fdeature combinations.
0 0 0 0 1 0 X
0 0 1 0 0 1 X
0 1 0 0 0 0 X
X X X X X X X
Al SGQa LIAO] 2yS 2F (GKS&asS YIlILa oat

i Generate a settrainingsetdfy Q LL5 al YLI Sa
I Fitmodel A(convolutional neural network) anagiodel B(naive Bayes).



No Free Lunch Theorem

A Definethed dzy 8 SSy ¢ S E I9¢hphoBseenlindrainingl S
i Assuming no repetitions of xalues, and n <%
iDSYSNIEtATFGA2Y SNNBNJ Aa GKS | OSNI
A Suppose thatnodel A got 1% errcandmodel B got 60% error
i2S gyl G2 akK2g¢g Y2ZRStE . o0SlFda Y2R

Al Y2y 3 2dzNJ aS0 2F Gf SFNYAY3I LINI
i The labels/' agree on all trainingxamples.
i Thelabels RA & INBES 2 ¥xamples. G dzy a SSy ¢

Ahy OKA& 20KSNJ af SFNYAY3I LINRPOCT
I Model A gets 99% error and model B gets 40% error.



No Free Lunch Theorem

ACdzNI KSNE FFONRaa Fff afSlFNYAy3
I Average generalization error efferymodel is 50% on unseen examples
ALGQa NARIKG 2y SIFOK dzyaSSy SEIFYLX S Ay
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A This is kind of depressing:
i C2NJ ISYSNIf LINROfSYaxX y2 aYlI OKAYS
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Limit of No Free Lunch Theorem

A Fortunatelythe world is structured
i{2YS af SINYyAYy3I LINRPOfSYaé | NB Y2NB
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I Datasets with properties like this are more likely.
I Otherwise, you probably have no hope of learning.

Aa2RSfa 6A0K O0KS NRARIKG daAYALfL?

A With assumptions like this, you can considensistency
ila WyQ IANRggAS Y2ZRSE ! O2yOSNEBSA



Refined Fundamental Tradeff

A LetE, . be theirreducible error(lowest possible error foany model).
I For example, irreducible error for predicting coin flips is 0.5.

A Some learning theory results uBg.to further decomposeg,.;
gtfft - <El‘/ST - Ef/‘ai/') + (E rGinN - Eées’/) + Ebf}f
- — — ) L~

—

éo\rrro\( Emorld ”ﬂobb’

\l

A This is similar to the biagriance tradeoff (bonus slide):
I EpproxMeasuresow sensitive we are to training dataf A 1 S gl NRIY

i E,.qMeasuresf our model is complicated enough to fitdaitaf A { S & 0 A |
i E.ymeasures howlowcaanyY2 RSf YI 1S (G4Said SNNZNJ



Refined Fundamental Tradeff

A LetE, . be theirreducible error(lowest possible error foany model).
I For example, irreducible error for predicting coin flips is 0.5.

A Some learning theory results uBg.to further decomposeg,.;
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A This is similar to the biagriance tradeoff (bonus slide):
I You need to trade between having Idyy,,,,and having lovg; e
I Powerful models have lo®,,4, but can have higk,,
I Bgdoes not depend on what model you choose



Consistency and Universal Consistency

A A model iconsistentfor aparticular learning problerif:
I E.qconvergestd&, . a Wy Q 3 2 fSrdhatipaticulay pfoblgfm (1 &

A A model isuniversally consisterfor aclass of learning problenif
i E. convergestd, . & Wy Q 3 2f6rall pipBlems iyf eiclads (i &

A Typically, the class would consist of:

i Acontinuity assumptioron the labels/ as a function ofx
AE.qg., if Xis close tod then they are likely to receive the same label.

i A boundedness assumption of the set bf x



K-NearestNeighbourg KNN)

A Classical consistency results focukerearestneighbours(KNN).
A To classify an objedy:
1. Findi KS W1 Q OGN} BAKAYI REONYIEEAB &G £
2. Classify using thewost commonlabe2 ¥ ay Sl NBaGé SEI
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Consistency of KNN

A KNNconsistencyroperties (under reasonable assumptions):

ita WYyQ B283u02 KZ
AC2NJ FAESR W1 Q YR O0AYIFINE flF0Sfao

A{ 02y SQa ¢ K SuhikEsMyconsibtdstd®A & @
iLT W1 Q GQGAVAOHMNESL 83020y20SNBS&a G2 Kk =
but k/n converges td, E_.; converges td5 ..
A For example, k = O(log n).
A First algorithm shown to have this property.

AConsistenc € a Y2UKAY 3 [062dzi FTAYA
i See DontTrustAsymptotics @



https://www.naftaliharris.com/blog/asymptotics/

Consistency of NeRarametric Models

A Universal consistendyas been shown for several models:
I Linear models with polynomial basis.
I Linear models with Gaussian RBFs.

I Neural networks with one hidden layer and standard activations.
A Sigmoidtanh, ReLU) etc.

A L {n@dparametricversions that are consistent:
i{ATS 2F Y2RSt Aa | TFdzyOQuA2y 27F Wy
I Examples:
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Parametric vs. NoRParametric Models
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Parametric vs. NoRParametric Models




Summary

A Test error vs. test set error
I What we care about is the test error.

A Overfitting hyperparameters on a validation set
I Depends on how many hyp@arameters you try and number of validation examples.

A No free lunch theorem

i CKSNBE A& y2 aGoSadé 2N SOSY GI22RE Y| OKA
A Universal consistency

I Some norparametric models can solve any continuous learning problem.

:‘blasvariance decomposition.

A Next time:
I Besides least squares, what other problems can be solved in 1 line of code?






