
Lecture6111

· Recap Generative models=> Supervised Classification
- Last time GenModel .(Gaussian)=GDA

·Gen Models (? other dist) ? Discriminant Analysis
· NaiveBayes
- Smoothing estimates .

· HW2B down



Generative Model : fittup curre(params) to data XEP(X)
distin -

P(x)Gaussian W(M,[i) : find u ,I
such that XQN(M ,5)

↓

NN(r ,[i) generator for datapoints - appears distas...

X1ste, -- You
data pointsINDEP N times , prob obscrump#

given data
is as much as possible
(last true) => M

= Mean(tN] [i = Covie(X)
sigma
DXD

P(X) -modellisson => #events pet fixed internal (assuming⑨ rough .
Gustaf)

Sparam = expected AVG "Abuses at stop per
hour"
-> ave =CT

X= #events in an internal #Trump tweets a day "

P(X=]= ↑ #accidents in Boston per week"eBe normalizer



W

Iloved need to divide with tos

= mufti-di Poisson (Ddim) ?
1P(X)exponential
Imultinomial Roll die K faces (1 ,2,3 ... k)

Ntinos
P(X)T

prop p , p2P3 PK Epi =1-

[outcome Xe X2 XI observed. EX= NX # #2 # K

P(X, X2,. --
facecounts

**)in)prope ...p
multina

Check X1Y2 !. -Xk !

Z
+-u

=
( -m) = 1

Li : +E2



- to data#) Find best params .Eit curve (paraul
- model of density-jaussian : u )Zi -

data density
-

- multihom : Pap .. -PR
-> datapoint

: Xedz . -X P(Xi) = probability to
- poisson observe that point

hts
fixed we's Gaussian

P(X) - MIXTURE) Poisson , Muticon)
THWG : Mixture of Gaussians. k
=3 S

ausians

Ieach D-diveD-dim D-dim I-dim
-N

D

We (Ma,[in) Na(Martin) 3(M3 ,Eis)
(XIM t Pr ⑧ P3(x(M3[iz)P()= E ((M2,[i] + Rule
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Generative Models- supervised classification .

① For each class YoYel - Yu (L Labels)
a model on X that class
&⑭) = p(x(Y =1) model for class Y=1

notnec 42() =Y=2)
model for class you

same
-> fit model only on datapY(y=z,

gauss

S
fit

↓
not loud dist,

class

model : undel for das Y⑭(4) = P(x(y=2) X=filtered by
E smodels

trained per class

exp
z= test point => product Label yeEstig--

- Li
M&credict ARSMAX

② ⑫(4)· P(Y) -P(Y(z) = - pror(labels)

calculate for each
P(z) Pet.e)

y = l P(y=e(z) = normalized



product : P(Y=e(z) = contulence Labelhtby yet
over all t=1 : L classes.



Naive Bayessame preduction method
-

car Z test point=(Ez ..z
-naive assumption about D-dim.

2 S
crediction P(Y=ez) = P·

epubr
- normalize

P(z(y) = P(z ,z.. /Y)= need -
Before P(z .. z1(4) #N/ ,5]

Fir
D-Hinn wire

Now : assume feat 1,2 ...D relatively (?? ) independent
-NVE P(zz .. - z" (4) = P(z(Y) P(EP) .. - P(z

* (*)-
:z=person z-height ze weight zshesize

Independent? NO assumption wrong !
-

butdassifier still works => produces output.



Fit p(z/ *= e) => Fit separately every feature (1-chm)
class D-dim
Y= TRAINING: (like before , separate for each class)
-

class Y= l. => FILTER- X data =X(y=2)separately
· For each feature j= 1 : DT rector
Fit 1-dive P(X)1 XM

Claim)
I

fit param
curve

=m--
j

- -

--
- -> fit histogram*

assump ·buckets C L
wo for

↑

/toad· countperbucket
normalized min X space Max = 600-



ex : xj = weight Blast
buckets 21: 0-41B/B2: 40B-60LB/B3: so-ad- --I 3, 2501I countr /count-pcounty I anty by tI
-

More granular => more buckets-

requires more
data for accuracy

trained
-

point = (2 , z2 . -zP) -oreduct for 2= testLi

php )
. - - (PE) - PlY

P(y(z) = P(z) Trum
product

use lops very sund

lap(P(Y(z)) = (ep(p(2) #Slop(P(2%) - CopPLE



Naive Bayes for Text using Bag-of-words representation.
data with Label y=e .

· class y=1 as filter . X= X(Y=e] "Chinall
We·want Fit P(X)=P(X(Y=e) -

P(x)= P(x)ep(x) + - p(xi) :- - -p()I I· fite each separately xi---
For feature wordj = "Chinal um/ mostly

counts => distribution (1-cm) PARSE= O

Xis oBulus = P(X)i Fij =TFij = term free (word jin)

[ TF in doe Hoec of wordj
doe

--

DOCLENGTH
useless words : "for""a"

,
"about 11

"Stopwards" "the" "in

texclude



VISUALIZE FOR ADOC XI term frep in docxi
We wa wi Wa

--T
doclempth(Xi)= (xi) = #words Hiscrete (counts)in dow

very sparse (many0)
· don't like pub=o ! Fixsmoothing Il add It numerators

wis LAPLACE : add to denomin? XD

Fix
LAPLACE · do not have probe /min prob=ii)
- ↓

occur
· prior for words in doe if they

o not actually Mil +D

· deal with words Wnew new in TESTSET
(never seen in TRAIN)



· math nice , including
for lops.

· general :
to to numerator

Ge E-strengthof
Eto denominators prior

E=I default
· still a probab (sum=1) intext.

-probl => BAD
p(x)= p(x))

· p(xy .
- [D... p(xP) =0
- makes all other
features irrelevant

· never seen
X5 word In training

- in overall formula for each class Ye.


