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6.034 Notes: Section 7.1

Shde 7.1.1
We have heen using thes simulsed handrupicy dain set oo illusirage the differem leaming Bemboruptoy Example
algorithms thai aperate on contimeces dam. Recall that K is supposed oo be the mitio of eamings 1o
expenses while L is supposed i be the mumber of late payments on creda cands over the past vear. - = ND
We will continie wsing it i thes section whene we book a2 pew hvpothesis class, near I g -
SEPATRIITT. g 1 " . ]
Une ey nhservation is that each hypathesis class leads w o distmctive way of defiming the L4 ' o
decizion bonmdary betwesn the rao classes. The decison boundary is where the class predicmon 4 - -
changes from one cliss 10 amodser. Lers book ai this m more detail. - _ . .
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Shde 7.1.2
We menbomed that a hypaothesis for the 1-nearest meighbor algorithm can be undersond m temms of
a Varomod pamition of the feature space. The cells illusiraned in this figure represent the feature

space poinis that are closest o one of the trainerg pomes. Amy query im that cell will have chai

1-Mearest Neighbor Hypothesis

a
7 training point as its nearest reighbor and the prediceiom will he the class of that eraining paint. The
B decision houndary wall be the boundary hetween cells defimed by poinis of differen closses, as
5 | illusirmed by the bald line shovwn here.
L& g
] E
: o
i
o
o 0.5 i 1.5 2
i gl 0 .1
Shde 7.1.3 -z i
Similarly, a decissom ree also defines a decison boundary in the featare space. Moie dhat although Decision Tree Hypothesis
both 1-MM and decision trees agree on all the raming points, they desagree on the precise decsion
boundary and %o will classify some guery pomts differemby. Vhis is the essential difference herwesn B
dhifferent learmang algorithms. 7 . -:d
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3hde 7.1.4

i gl 1w .1

Linear Hypothesis Im thies section we will be exploring imear separavers. which are chamcterized by a sangle linear
decision houndary in the space. The harkmnupicy doin can be successfully sepamiad m that manner.
Hui, notice thai in contrasi o |-NY and decesion trees, there s no guannie: that 2 segle lmear
separainr will successfull v classify any set of trameng data. The linear separaior is a very sample
hyvpothesis closs, mot nearly as powerful as esher 1-MNMN or decision trees. However. s simple 25 this
class is, im general there will be many possibde |mear sepanators in chocese from.

Ak, mode thad, once again, this decisaon boundary disagrees with that drassm by the presuoes
algorithms. 5o there will be some dain sets where a bmear separator is adeally sunied o the dota For
exarnple. i tums o that of the datn points are genermed by two Caussian distributions with
differera means hut the same siandard deviation, them the linear separaior is aptimal.

Shde 7.1.5
A data sei that can be successfully split by a linear sepamior & called, sot surprisingly, hmearly Linearly Separable
separnble.
T R Y m '$
ahde 7.1.5
Mot Linearly Separable As we've mentioned, nod all dain sess are lmearly separable. Here's one for example. Amoher classic
mol-lmear] y-separahle dain set & owr old nemeses XOH.
It ;ams put. although it mot obwices, that the higher the dimensionalay of the fearere space, the
. a . more likely that a limear separator exests. This wall mrn o 1o be enporiam |ater on, so let's just file
* thas fact oy,
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Shide 7.1.7

W hem faced with o non-lmear y-separahle dain st we have moo opieors. COne is 10 Use o mone
complex hypothesis class, sach & shown here.

Not Linearly Separable
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Slide 7.1.8

Mot Linearly Separable (i, keep the simple linear separtor and accept some emrors. 1hes is the classic basvamnance
tradendt. Llse & more complex bvpothesis with greater vaniance or a simpler bypothesic with greater

mizs. Which i more appropriaie depemds om the underlying propenties of the data, incledmg the

amount of notse. 'We can use our old friend oross-vahdaion o make the dhoice if we don't have

much undersianding of the daga.
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Slide 7.1.9 _ _
%0, ler's look o the deizals of linear classifiers. First, we nead o understand how io represent o Linear Hypothesis Class

pamicudar hvpothesis. tat is e eguation of a lmear separaior. 'We will be illusirating everything m

raro dimnensions but all the equations hold for an arbirany rmenber of disensions. = Equation of & hyperplane in the feature space

w-x+Db=0
The equation of a linear separaior in an n-dimensacmal feature space is | sorprse!) o lmear squation .
which is determined by n—1 values, the comporenis of am p-dimensional coefficent vecior w and a E“"_r”; +b=0
scalar value B. These re | values are whan will be leamed feom the daim. The x will be some point m i
the feature space.

«w, 0 are to be learneg
W will he using doi prochect notation for compactness and o highlight the geomeiric mismretation
of this equaison (more on thes ma misete). Recall that the diot proschect is simply the sem of the

componenrwise products of the vector compomemis, a5 showm here.
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ahde 7.1.10
Linear Hypothesis Class Im two dimensions, we can see the geometnc interpretaton of w and & The vecior w is
) perpendicalar in the linear separmaior; such o veoior s known 2 the mormesl vecion. (fien we say
= Equation of a hyperplane in the feature space “ihe vecsor normal o the surface®. The scalar &, which we will call the ofset, is proporiional in the

w-x+b=0 1Hy
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perpendicalar distance from the ongm o the lmear separator. §he constang of propormosaliny s the
negative of the magninede of tue nommal vector, Well examine ths in more desail soom

Hy the way, the choice of the letier "w® is emditional and meant o seggest “weights®, we'll see why
wien we look a8 neural nets. The chosce of *B™ & meant i suggest “hias™ - which is the third
different connomtion of dhis word im machee leamming {ghe hios of o bvpochesis clos, bias ve
vanamce. baxs of a separaor). They are all fendamenially relased; dury all refer 1o a difference from
- a newtral vabee, To kesp the comfusaom down in a dull roar, we won't call B a bias e bu are elling
v ahaun this s you won't be surprised if you see it elsewherne.

e W, B Bre 1o Be learnad
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Shide 7.1.11
Somezimes we will use the following tnck in simplify the squaiions. We'll ireat the offses as the OF Linear Hypothesis Class

compaonent of the weight vecior w and we'll augmeni the daia veoior T with a OFF component that

will always be egual 0 1. Them we cam wrile o limear equation & a doi prodect. ‘When we do this we + Equation & a hyperplane in the feature space

willl indicaie it by using am overbar over the vecinrs. W xX+b-0 ""-.,,|I s
o, + =0
=1
swr, o are to ba learned b'?f?
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s A useful tick: let x,=1 and w,=b
w-x =0
wu, =0
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