
CPSC 540: Machine Learning

Fundamentals of Learning

Winter 2020



Admin

ÅRegistration forms:

ïI will sign them at the end of class (need to submit prereqform first).

ÅWebsite/Piazza:

ïhttp://www.cs.ubc.ca/~schmidtm/Courses/540-W20

ïhttps://piazza.com/ubc.ca/winterterm22019/cpsc540

ÅTutorials: start Monday after class (no need to formally register).

ÅOffice hours: start today after class.

ÅAssignment 1 due Friday of next week.

ï2/3 of assignment posted.

ïRest of assignment and submission instructions coming soon.



Supervised Learning Notation

ÅWe are given training datawhere we know labels:

ÅBut the goal is to do well on any possible testing data:
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ά¢Ŝǎǘ {Ŝǘέ ǾǎΦ ά¢Ŝǎǘ 9ǊǊƻǊέ

ÅCƻǊƳŀƭƭȅΣ ǘƘŜ άtest errorέ ƛǎ ǘƘŜ ŜȄǇŜŎǘŜŘ ŜǊǊƻǊ ƻŦ ƻǳǊ ƳƻŘŜƭΥ

ïIŜǊŜ LΩƳ ǳǎƛƴƎ ŀōǎƻƭǳǘŜ ŜǊǊƻǊ ōŜǘǿŜŜƴ ǇǊŜŘƛŎǘƛƻƴǎ ŀƴŘ ǘǊǳŜ ƭŀōŜƭǎΦ
ÅBut you could use squared error or other losses.

ïThe expectation is taken over distribution of test examples.
Å¢Ƙƛƴƪ ƻŦ ǘƘƛǎ ŀǎ ǘƘŜ άŜǊǊƻǊ ǿƛǘƘ ƛƴŦƛƴƛǘŜ ŘŀǘŀέΦ

ïWe assume that our training examples are drawn IID from this distribution.
ÅhǘƘŜǊǿƛǎŜΣ άǘǊŀƛƴƛƴƎέ ƳƛƎƘǘ ƴƻǘ ƘŜƭǇ ǘƻ ǊŜŘǳŎŜ άǘŜǎǘ ŜǊǊƻǊέΦ

ÅUnfortunately, we cannot compute the test error.
ïWe ŘƻƴΩǘ ƘŀǾŜ ŀŎŎŜǎǎ ǘƻ ǘƘŜ ŘƛǎǘǊƛōǳǘƛƻƴ over all test examples.



ά¢Ŝǎǘ {Ŝǘέ ǾǎΦ ά¢Ŝǎǘ 9ǊǊƻǊέ

Å²Ŝ ƻŦǘŜƴ ŀǇǇǊƻȄƛƳŀǘŜ άǘŜǎǘ ŜǊǊƻǊέ ǿƛǘƘ ǘƘŜ ŜǊǊƻǊ ƻƴ ŀ άtest setέΥ

ïIŜǊŜΣ ǿŜ ŀǊŜ ǳǎƛƴƎ ΨǘΩ ŜȄŀƳǇƭŜǎ ŘǊŀǿƴ LL5 ŦǊƻƳ ǘƘŜ ǘŜǎǘ ŘƛǎǘǊƛōǳǘƛƻƴΦ

ÅNote that άǘŜǎǘ ǎŜǘ ŜǊǊƻǊέ ƛǎ ƴƻǘ ǘƘŜ άǘŜǎǘ ŜǊǊƻǊέ.
ï¢ƘŜ Ǝƻŀƭ ƛǎ ƘŀǾŜ ŀ ƭƻǿ άǘŜǎǘ ŜǊǊƻǊέΣ ƴƻǘ άǘŜǎǘ ǎŜǘ ŜǊǊƻǊέΦ

Å¢ƘŜ άƎƻƭŘŜƴ ǊǳƭŜέ ƻŦ ƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎΥ
ïA άǘŜǎǘ ǎŜǘέ Ŏŀƴƴƻǘ ƛƴŦƭǳŜƴŎŜ ǘƘŜ άǘǊŀƛƴƛƴƎέin any way.

ïhǘƘŜǊǿƛǎŜΣ άǘŜǎǘ ǎŜǘ ŜǊǊƻǊέ ƛǎ ƴƻǘ ŀƴ ǳƴōƛŀǎŜŘ άǘŜǎǘ ŜǊǊƻǊέ ŀǇǇǊƻȄƛƳŀǘƛƻƴΦ

ï²Ŝ Ǌǳƴ ǘƘŜ Ǌƛǎƪ ƻŦ άƻǾŜǊŦƛǘǘƛƴƎέ ǘƻ ǘƘŜ άǘŜǎǘ ǎŜǘέΦ



Typical Supervised Learning Steps (Are Bad?)

ÅGiven data {X,y}, a typical set of supervised learning steps:

ïData splitting:
ÅSplit {X,y} into a train set {Xtrain,ytrain} and a validation set {Xvalid,yvalid}.

Å²ŜΩǊŜ ƎƻƛƴƎ ǘƻ use the validation set error as an approximation of test error.

ïTune hyper-parameters (number of hidden units, ˂, polynomial degree,etc.):
ÅCƻǊ ŜŀŎƘ ŎŀƴŘƛŘŀǘŜ ǾŀƭǳŜ άέ˂ ƻŦ ǘƘŜ ƘȅǇŜǊ-parameters:

ïFit a model to the train set {Xtrain,ytrain} using the given hyper-ǇŀǊŀƳŜǘŜǊǎ άέ˂Φ

ïEvaluate the model on the validation set {Xvalid,yvalid}.

ïChoose the model with the best performance on the validation set.
ÅAnd maybe re-train using hyper-ǇŀǊŀƳŜǘŜǊ άέ˂ ƻƴ ǘƘŜ Ŧǳƭƭ ŘŀǘŀǎŜǘΦ

ÅCan this overfit, even though we used a validation set?

ï¸ŜǎΣ ǿŜΩǾŜ violated the golden ruleΦ .ǳǘ ƳŀȅōŜ ƛǘΩǎ ƴƻǘ ǘƻƻ ōŀŘΧ



Validation Error, Test Error, and Approximation Error

Åопл ŘƛǎŎǳǎǎŜǎ ǘƘŜ άFundamental Trade-Off of Machine LearningέΦ

ïSimple identity relating training set error to test error.

ÅWe have a similar identity for the validation error.

ïIf Etest is the test error and Evalid is the error on the validation set, then:

ÅIf Eapprox is small, then Evalid is a good approximation of Etest.

ï²Ŝ ŎŀƴΩǘ ƳŜŀǎǳǊŜ Etest, so how do we know if Eapprox is small?



Bounding Eapprox

Å[ŜǘΩǎ ŎƻƴǎƛŘŜǊ ŀ ǎƛƳǇƭŜ ŎŀǎŜΥ

ïLabels yi are binary, and we try 1 hyper-parameter setting.

ïIID assumption on validation set implies Evalid is unbiased: E[Evalid] = Etest.

ÅWe can bound probability Eapprox is greater than ʀ.

ïAssumptions: data is IID (so Evalid is unbiased) and loss is in [0,1].

ïBy using IƻŜŦŦŘƛƴƎΩǎinequality:

ïProbability that Evalid is far from EtestƎƻŜǎ Řƻǿƴ ŜȄǇƻƴŜƴǘƛŀƭƭȅ ǿƛǘƘ ΨǘΩΦ

ÅThis is great: the bigger your validation set, the better approximation you get.

https://en.wikipedia.org/wiki/Hoeffding's_inequality


Bounding Eapprox

Å[ŜǘΩǎ ŎƻƴǎƛŘŜǊ ŀ ǎƭƛƎƘǘƭȅ ƭŜǎǎ-simple case:

ï[ŀōŜƭǎ ŀǊŜ ōƛƴŀǊȅΣ ŀƴŘ ǿŜ ǘǊƛŜŘ ΨƪΩ ƘȅǇŜǊ-parameter values.

ïLƴ ǘƘƛǎ ŎŀǎŜ ƛǘΩǎ ǳƴōƛŀǎŜŘ ŦƻǊ ŜŀŎƘ ΨƪΩΥ 9ώEvalid( )˂] = Etest.

ïSo for eachvalidation error Evalid( )˂ we have:

ïBut our final validation error is Evalid = min{Evalid( }˂}, which is biased.

Å²Ŝ ŎŀƴΩǘ ŀǇǇƭȅ Hoeffdingbecause we ŎƘƻǎŜ ōŜǎǘ ŀƳƻƴƎ ΨƪΩ ǾŀƭǳŜǎ.

ÅFix: bound on probability that all | EtestςEvalid( )˂μ ǾŀƭǳŜǎ ŀǊŜ Җ ʀ.

ïWe show it holds for all values of ˂, so it must hold for the best value.



Bounding Eapprox

Å¢ƘŜ άunion boundέ ŦƻǊ ŀƴȅ ŜǾŜƴǘǎ {A1, A2Σ ΧΣ Ak} is that:

ÅCombining with Hoeffdingwe can get:



Bounding Eapprox

ÅSo if we choose best Evalid( )˂ŀƳƻƴƎ ΨƪΩ v˂alues, we have:

ÅSo ƻǇǘƛƳƛȊƛƴƎ ƻǾŜǊ ΨƪΩ ƳƻŘŜƭǎ ƛǎ ƻƪ ƛŦ ǿŜ ƘŀǾŜ ŀ ƭŀǊƎŜ ΨǘΩ.

ï.ǳǘ ƛŦ ΨƪΩ ƛǎ ǘƻƻ ƭŀǊƎŜ ƻǊ ΨǘΩ ƛǎ ǘƻƻ ǎƳŀƭƭ ǘƘŜ ǾŀƭƛŘŀǘƛƻƴ ŜǊǊƻǊ ƛǎƴΩǘ ǳǎŜŦǳƭΦ

ÅExamples:

ïIf k=10 and t=1000, probability that |Eapprox| > .05 is less than 0.14.

ïIf k=10 and t=10000, probability that |Eapprox| > .05 is less than 10-20.

ïIf k=10 and t=1000, probability that |Eapprox| > .01 is less than 2.7 (useless).

ïIf k=100 and t=100000, probability that |Eapprox| > .01 is less than 10-6.



Bounding Eapprox

ÅValidation error vs. test error ŦƻǊ ŦƛȄŜŘ ΨǘΩΦ

ïEvalidƎƻŜǎ Řƻǿƴ ŀǎ ǿŜ ƛƴŎǊŜŀǎŜ ΨƪΩΣ ōǳǘ Eapproxcan go up.

ÅOverfittingof validation set.



Discussion
ÅBound is usually very loose, but data is probably not fully IID.
ïSimilar bounds are possible for cross-validation.

ÅSimilar arguments apply for the Eapproxof the training error.
ïValue ΨƪΩ ƛǎ ǘƘŜ ƴǳƳōŜǊ ƻŦ ƘȅǇŜǊ-parameters you are optimizing over όŜǾŜƴ ƛŦ ŘƻƴΩǘ ǘǊȅ ǘƘŜƳ ŀƭƭύΦ
ïSo ΨƪΩ ƛǎ ǳǎǳŀƭƭȅ ƘǳƎŜ: you try out k=O(nd) decision stumps.

ÅWhat if we train by gradient descent?
ï²ŜΩǊŜ ƻǇǘƛƳƛȊƛƴƎ ƻƴ Ŏƻƴǘƛƴǳƻǳǎ ǎǇŀŎŜΣ ǎƻ ƪҐқ ŀƴŘ the bound is useless.
ï In this case,VC-dimensionƛǎ ƻƴŜ ǿŀȅ ǘƻ ǊŜǇƭŀŎŜ ΨƪΩ όŘƻŜǎƴΩǘ ƴŜŜŘ ǳƴƛƻƴ ōƻǳƴŘύΦ

Åά{ƛƳǇƭŜǊέ ƳƻŘŜƭǎ ƭƛƪŜ ŘŜŎƛǎƛƻƴ ǎǘǳƳǇǎ ŀƴŘ ƭƛƴŜŀǊ ƳƻŘŜƭǎ ǿƛƭƭ ƘŀǾŜ ƭƻǿŜǊ ±/-dimension.

Å Learning theory keywords if you want to go deeper into this topic:
ïBias-variance (see bonus slides for details and why this is weird), sample complexity, PAC 

learning, VC dimension, Rademachercomplexity.
ïA gentle place to start is the Learning from Data book.

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


(pause)



Generalization Error

ÅAn alternative measure of performance is the generalization error:

ïAverage error over the set of xi values that are not seen in the training set.

ïάIƻǿ ǿŜƭƭ ǿŜ ŜȄǇŜŎǘ ǘƻ Řƻ ŦƻǊ ŀ completely unseen ŦŜŀǘǳǊŜ ǾŜŎǘƻǊέΦ

ÅTest error vs. generalization error when labels are deterministic:



ά.Ŝǎǘέ ŀƴŘ ǘƘŜ άDƻƻŘέ aŀŎƘƛƴŜ [ŜŀǊƴƛƴƎ aƻŘŜƭǎ

ÅQuestion 1: what is the άōŜǎǘέ ƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎ ƳƻŘŜƭ?

ïThe model that gets lower generalization error than all other models.

ÅQuestion 2: which models always do better than random guessing?

ïModels with lower generalization error than άǇǊŜŘƛŎǘ лέ for all problems.

ÅNo free lunch theorem:

ïThere is noάōŜǎǘέ ƳƻŘŜƭ ŀŎƘƛŜǾƛƴƎ ǘƘŜ ōŜǎǘ ƎŜƴŜǊŀƭƛȊŀǘƛƻƴ ŜǊǊƻǊ ŦƻǊ ŜǾŜǊȅ 
problem.

ïIf 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

Å[ŜǘΩǎ ǎƘƻǿ ǘƘŜ άƴƻ ŦǊŜŜ ƭǳƴŎƘέ ǘƘŜƻǊŜƳ ƛƴ ŀ ǎƛƳǇƭŜ ǎŜǘǘƛƴƎΥ
ïThe xi and yi are binary, and yi being a deterministic function of xi.

Å²ƛǘƘ ΨŘΩ ŦŜŀǘǳǊŜǎΣ ŜŀŎƘ άlearning problemέ ƛǎ ŀ map from {0,1}d -> {0,1}.
ïAssigning a binary label to each of the 2d feature combinations.

Å[ŜǘΩǎ ǇƛŎƪ ƻƴŜ ƻŦ ǘƘŜǎŜ ΨȅΩ ǾŜŎǘƻǊǎ όάƳŀǇǎέ ƻǊ άƭŜŀǊƴƛƴƎ ǇǊƻōƭŜƳǎέύ ŀƴŘΥ
ïGenerate a set training set of ΨƴΩ LL5 ǎŀƳǇƭŜǎ.

ïFit model A(convolutional neural network) and model B(naïve Bayes).

Feature1 Feature 2 Feature 3

0 0 0

0 0 1

0 1 0

Χ Χ Χ

y (map 1) y (map 2) y (map 3) Χ

0 1 0 Χ

0 0 1 Χ

0 0 0 Χ

Χ Χ Χ Χ



No Free Lunch Theorem

ÅDefine the άǳƴǎŜŜƴέ ŜȄŀƳǇƭŜǎ ŀǎ ǘƘŜ όнdςn) not seen in training.
ïAssuming no repetitions of xi values, and n < 2d.

ïDŜƴŜǊŀƭƛȊŀǘƛƻƴ ŜǊǊƻǊ ƛǎ ǘƘŜ ŀǾŜǊŀƎŜ ŜǊǊƻǊ ƻƴ ǘƘŜǎŜ άǳƴǎŜŜƴέ ŜȄŀƳǇƭŜǎ.

ÅSuppose that model A got 1% error and model B got 60% error.
ï²Ŝ ǿŀƴǘ ǘƻ ǎƘƻǿ ƳƻŘŜƭ . ōŜŀǘǎ ƳƻŘŜƭ ! ƻƴ ŀƴƻǘƘŜǊ άƭŜŀǊƴƛƴƎ ǇǊƻōƭŜƳέΦ

Å!ƳƻƴƎ ƻǳǊ ǎŜǘ ƻŦ άƭŜŀǊƴƛƴƎ ǇǊƻōƭŜƳǎέ ŦƛƴŘ ǘƘŜ ƻƴŜ ǿƘŜǊŜΥ
ïThe labels yi agree on all training examples.

ïThe labels yiŘƛǎŀƎǊŜŜ ƻƴ ŀƭƭ άǳƴǎŜŜƴέ examples.

Åhƴ ǘƘƛǎ ƻǘƘŜǊ άƭŜŀǊƴƛƴƎ ǇǊƻōƭŜƳέΥ
ïModel A gets 99% error and model B gets 40% error.



No Free Lunch Theorem

ÅCǳǊǘƘŜǊΣ ŀŎǊƻǎǎ ŀƭƭ άƭŜŀǊƴƛƴƎ ǇǊƻōƭŜƳǎέ ǿƛǘƘ ǘƘŜǎŜ ΨƴΩ ŜȄŀƳǇƭŜǎΥ

ïAverage generalization error of every model is 50% on unseen examples.

ÅLǘΩǎ ǊƛƎƘǘ ƻƴ ŜŀŎƘ ǳƴǎŜŜƴ ŜȄŀƳǇƭŜ ƛƴ ŜȄŀŎǘƭȅ ƘŀƭŦ ǘƘŜ ƭŜŀǊƴƛƴƎ ǇǊƻōƭŜƳǎΦ

ï²ƛǘƘ ΨƪΩ ŎƭŀǎǎŜǎΣ ǘƘŜ ŀǾŜǊŀƎŜ ŜǊǊƻǊ ƛǎ όƪ-1)/k (random guessing).

ÅThis is kind of depressing: 

ïCƻǊ ƎŜƴŜǊŀƭ ǇǊƻōƭŜƳǎΣ ƴƻ άƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎέ ƛǎ ōŜǘǘŜǊ ǘƘŀƴ άǇǊŜŘƛŎǘ лέΦ



(pause)



Limit of No Free Lunch Theorem

ÅFortunately, the world is structured:
ï{ƻƳŜ άƭŜŀǊƴƛƴƎ ǇǊƻōƭŜƳǎέ ŀǊŜ ƳƻǊŜ ƭƛƪŜƭȅ ǘƘŀƴ ƻǘƘŜǊǎ.

ÅCƻǊ ŜȄŀƳǇƭŜΣ ƛǘΩǎ ǳǎǳŀƭƭȅ ǘƘŜ ŎŀǎŜ ǘƘŀǘ άǎƛƳƛƭŀǊέ Ȅi have similar yi.

ïDatasets with properties like this are more likely.

ïOtherwise, you probably have no hope of learning.

ÅaƻŘŜƭǎ ǿƛǘƘ ǘƘŜ ǊƛƎƘǘ άǎƛƳƛƭŀǊƛǘȅέ ŀǎǎǳƳǇǘƛƻƴǎ Ŏŀƴ ōŜŀǘ άǇǊŜŘƛŎǘ лέΦ

ÅWith assumptions like this, you can consider consistency:
ï!ǎ ΨƴΩ ƎǊƻǿǎΣ ƳƻŘŜƭ ! converges to the optimal test error.



Refined Fundamental Trade-Off

ÅLet Ebest be the irreducible error (lowest possible error for anymodel).

ïFor example, irreducible error for predicting coin flips is 0.5.

ÅSome learning theory results use Ebestto further decompose Etest:

Å This is similar to the bias-variance trade-off (bonus slide):

ï Eapproxmeasures how sensitive we are to training data όƭƛƪŜ άǾŀǊƛŀƴŎŜέύΦ

ï Emodel measures if our model is complicated enough to fit data όƭƛƪŜ άōƛŀǎέύΦ

ï Ebestmeasures how low can anyƳƻŘŜƭ ƳŀƪŜ ǘŜǎǘ ŜǊǊƻǊ όάƛǊǊŜŘǳŎƛōƭŜέ ŜǊǊƻǊύΦ



Refined Fundamental Trade-Off

ÅLet Ebest be the irreducible error (lowest possible error for anymodel).
ïFor example, irreducible error for predicting coin flips is 0.5.

ÅSome learning theory results use Ebestto further decompose Etest:

Å This is similar to the bias-variance trade-off (bonus slide):
ï You need to trade between having low Eapproxand having low Emodel.

ï Powerful models have low Emodel but can have high Eapprox.

ï Ebest does not depend on what model you choose.



Consistency and Universal Consistency

ÅA model is consistentfor a particular learning problem if:

ïEtest converges to Ebestŀǎ ΨƴΩ ƎƻŜǎ ǘƻ ƛƴŦƛƴƛǘȅ, for that particular problem.

ÅA model is universally consistent for a class of learning problems if:

ïEtest converges to Ebestŀǎ ΨƴΩ ƎƻŜǎ ǘƻ ƛƴŦƛƴƛǘȅ, for all problems in the class.

ÅTypically, the class would consist of:

ïA continuity assumption on the labels yi as a function of xi.

ÅE.g., if xi is close to xj then they are likely to receive the same label.

ïA boundedness assumption of the set of xi.



K-Nearest Neighbours(KNN)

ÅClassical consistency results focus on k-nearest neighbours(KNN).

ÅTo classify an object ὼi:

1. Find ǘƘŜ ΨƪΩ ǘǊŀƛƴƛƴƎ ŜȄŀƳǇƭŜǎ ȄiǘƘŀǘ ŀǊŜ άƴŜŀǊŜǎǘέ to ὼi.

2. Classify using the most common labelƻŦ άƴŜŀǊŜǎǘέ ŜȄŀƳǇƭŜǎΦ

Egg Milk Fish

0 0.7 0

0.4 0.6 0

0 0 0

0.3 0.5 1.2

0.4 0 1.2

Sick?

1

1

0

1

1

Egg Milk Fish

0.3 0.6 0.8

Sick?

?



Consistency of KNN 

Å[ŜǘΩǎ ǎƘƻǿ ǳƴƛǾŜǊǎŀƭ ŎƻƴǎƛǎǘŜƴŎȅ ƻŦ Ybb ƛƴ ŀ ǎƛƳǇƭƛŦƛŜŘ ǎŜǘǘƛƴƎΦ
ïThe xi and yi are binary, and yi being a deterministic function of xi.
ÅDeterministic yi implies that Ebest is 0.

ÅConsider KNN with k=1:
ïAfter we observe an xi, KNN makes right test prediction for that vector.

ï!ǎ ΨƴΩ ƎƻŜǎ ǘƻ қΣ each feature vectors with non-zero probability is observed.

ïWe have EtestҐ л ƻƴŎŜ ǿŜΩǾŜ ǎŜŜƴ ŀƭƭ ŦŜŀǘǳǊŜ ǾŜŎǘƻǊǎ with non-zero probability.

ÅNotes:
ïbƻ ŦǊŜŜ ƭǳƴŎƘ ƛǎƴΩǘ ǊŜƭŜǾŀƴǘ ŀǎ ΨƴΩ ƎƻŜǎ ǘƻ қ ƘŜǊŜΥ ǿŜ eventually see everything.
ÅThere are 2d possible feature vectors, so might need a huge number of training examples.

ïLǘΩǎ ƳƻǊŜ ŎƻƳǇƭƛŎŀǘŜŘ ƛŦ ƭŀōŜƭǎ ŀǊŜƴΩǘ ŘŜǘŜǊƳƛƴƛǎǘƛŎ ŀƴŘ ŦŜŀǘǳǊŜǎ ŀǊŜ ŎƻƴǘƛƴǳƻǳǎΦ



Consistency of KNN

ÅKNN consistency properties (under reasonable assumptions):
ï!ǎ ΨƴΩ ƎƻŜǎ ǘƻ қΣ EtestҖ н9best.
ÅCƻǊ ŦƛȄŜŘ ΨƪΩ ŀƴŘ ōƛƴŀǊȅ ƭŀōŜƭǎΦ

Å{ǘƻƴŜΩǎ ¢ƘŜƻǊŜƳΥ Ybb ƛǎ άuniversally consistentέΦ
ïLŦ ΨƪΩ ŎƻƴǾŜǊƎŜǎ ǘƻ қ ŀǎ ΨƴΩ ŎƻƴǾŜǊƎŜǎ ǘƻ қΣ

but k/n converges to 0, Etest converges to Ebest.
ÅFor example, k = O(log n).

ÅFirst algorithm shown to have this property.

ÅConsistency ǎŀȅǎ ƴƻǘƘƛƴƎ ŀōƻǳǘ ŦƛƴƛǘŜ ΨƴΩ.
ïSee "DontTrust AsymptoticsέΦ

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


Consistency of Non-Parametric Models

ÅUniversal consistency can be been shown for a variety of models:
ïLinear models with polynomial basis.

ïLinear models with Gaussian RBFs.

ïNeural networks with one hidden layer and standard activations.
ÅSigmoid, tanh, ReLU, etc.

ÅLǘΩǎ non-parametricversions that are consistent:
ï{ƛȊŜ ƻŦ ƳƻŘŜƭ ƛǎ ŀ ŦǳƴŎǘƛƻƴ ƻŦ ΨƴΩΦ

ïExamples:
ÅYbb ƴŜŜŘǎ ǘƻ ǎǘƻǊŜ ŀƭƭ ΨƴΩ ǘǊŀƛƴƛƴƎ ŜȄŀƳǇƭŜǎΦ

Å5ŜƎǊŜŜ ƻŦ ǇƻƭȅƴƻƳƛŀƭ Ƴǳǎǘ ƎǊƻǿ ǿƛǘƘ ΨƴΩ όƴƻǘ ǘǊǳŜ ŦƻǊ ŦƛȄŜŘ ǇƻƭȅƴƻƳƛŀƭύΦ

ÅbǳƳōŜǊ ƻŦ ƘƛŘŘŜƴ ǳƴƛǘǎ Ƴǳǎǘ ƎǊƻǿ ǿƛǘƘ ΨƴΩ όƴƻǘ ǘǊǳŜ ŦƻǊ ŦƛȄŜŘ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪύΦ




