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Pleasefilloutcoursesurvey






































































































































EII.io Eciass announcement
Dec 18 8 30am 11 30am in Pavilion

40 multiple choice questions
40 Chap 9 11

40 Chap 6 8

20 Chap 1 5

Study tips
Review assignments
Review examples and exercises in course notes

Review midterms

Understand everything on the formula sheet

on not be represented as a

Skelayer NN

d is the number of non bias neurons






































































































































YathReviews

f f R R

EII.IT iiR3
RxRxR a b c a b c ER

Iproduct x ̅ ER w̅ ER

w̅ Xi Xd W Wat
X w t Xd Wd

Functions

f R R f x x

f R R f x f x X 2 2x 3 2






































































































































A Rx B f f p R n 2

D 1,2 3,4

A D f where f x 4 2 x 2 1

ton
Exx pxi XitXztXs

Eyfcx fix fix f x2 f x

figsdy flysdy by 1
y

iiiii.mn

SyExfcxipdy S E
xiydygb

I






































































































































xiytxzytxsydy

xflitx.tl t l
iifi in nations

R f x ̅ fxi x xitx
2 1 1 2 1 X 2 2

Tondervativesandproperties
on formula sheet






































































































































Probability

t.fi i et
paceEcXevent E 1,2 33

X
413Pryabily.tl I Ih events and

outputs values in 0,1

P E where EcX probability of event E

y
outcomespace

r v XE X and P

Randomvariables X X
xevgithttay.eu ta EX

EX and has distribution P

XEE P E where EcX

E
Common notation If I contains a single outcom

E where EX Then P X x P XE

If E is an interval P x






































































































































E a b then P ax b P XE a b

E a x then P X2 a p xE a e

E x b then P x b P x et e b
ECX

REITE.iutc.me
space X 2 3.4.53

cmousr.vn EX
Uncountable outcome space X R

E.it iaeaxcosP

XEE EePCx where Ect

If Y is continuous use pdf p X 0,0

P X EE pendx where Ect
E






































































































































commonlyuseddiscreteandcontinuous
distributions on formula sheet

E Bernoulli Normal Laplace

EEE.EE
On formula sheet ExcX EyCY

Joint P XEEx YEE

Marginal Px XEEx Py YEE
Conditional Pxiy XEEx1Y y Pyix YEE X x

Product Rule p x y p yix p x plxly ply

Prix yixIndependenced

X Xi Xn X Xu are independent if

0 Xi Xn Px Xi Px X2 Px Xn






































































































































Emotion
A function of a r.v.is a riv

If EX is arov then

f X Y Y f X X is a r.v with

g Xi Xn Ix outcome space 3

EIIIIE.it
On formula sheet with useful properties
Univariate ELX
function ELF X

Multivariate E f Z E F X Y

Conditional ELFLY X x

Variance Var X E X EX






































































































































Supervisedlearning

is xn.x.DE 2 9 where

Xi Y Py and independent for all I E 1 n

X R feature vector always Rᵈ
Y Label or target

Etyj fit X 93

y jI ANY

EYfff.IEfecanD Iii Pxe






































































































































ff.FI sucnthatELLCACDD is small

Regressions
If Y has a notion of order

Usually R or an interval a b

Use squared or absolute loss

Classification
Y does not have a notion of order

Usually finite set like cat dog bird

Use 0 1 loss

LearnerERI input dataset D

Estimation Use D to estimate L t for all FEF
call estimate f






































































































































Ophization pick F as the FEF that

minimizes f






































































































































EIIT.ttt with distribution P

wanttoestimateELXIIUseni.i.de
samples from P

X Xn

samplemeanestimate

M x ̅ g Xi Xn Ifn at Xi

Expectationandvarrance

E x ̅ E x E X X

Var x ̅ Vay Valle Varff






































































































































Optimization

may gaw gLw where w
arguing yew

w org gaw argmax yewWEN

Yin gow main yews

Segoptimizationproblemes
If W discrete just comparegew for all we W

If W continuous can use derivatives sometimes

twice differentiable

then

Ees 1 If W R then w is the solution
to g w 0






































































































































2 If W a b then w is the solution
to
g

w 0 if this solution is in a b

Otherwise w is a or b

Ieoffentiable The second derivative of gew
written g iw exists for all w EW

Convey gas is convex if g
w 20 for all

WEW

Usually gas is bowl shaped

pison
Notes it is more complicated to check if

g
w̅ is convex of d l So I will just tell you

Then we calculate

w̅ Wi we argy.gg g
w̅






































































































































by setting wi as the solution to

294W 0 for all hi d

give mean gene






































































































































YEhfyress.inClosedformyR regression

Fc f f R R

D X y xn̅ yn

f h E h f xi y an estimate of L f
for all FEF

we want F arguing
t

sick F f f and f x x ̅t w̅ where w̅ ER

Learner
A D FEF Depends on D

where F x ̅ x ̅ w̅ and w̅ Atm






































































































































Algorithm Closed form linear regression Learner

input D x ̅ y Xn yn

A XXT

be E y

w̅ A b

return F x ̅ w̅

Ex d 1 X R R Y R w̅ Wo w̅ T

D x ̅ Y X y

price
Fx ̅ x ̅t w̅

XWot XW

w i i
wotx.mn

X of rooms






































































































































tentdescent
Ex gins witew g

w 2w ew g
w 2 ew 0

convex
W E R N

g
w 2W ew 0

2rem
No closed form
solution

setorderbradventDescent

g
w
guilw g

w
g
was w wot

g Y w way

g'wio w

g
who g w w w 0

W W

g t
General W Wh 9

g Y






































































































































w approaches w argyen 9
w

as t o

I iiiiiii.it

i
eentDescent

w̅ WI wait argue g
w̅

gradient descent update rule

w̅ y ogee

where
0gal 2 10 2 to E R






































































































































Selectingthestepsize
1 constant y ZE 0,8

2 Inverse decaying 2
t

72 where 2,7 0,8

3 Exponentialdecaying y't y where y.AE 0,8

4 Normalized gradientqh.gggpy
where 2 see

Eis small

ex 0 8

Hogwell wT






































































































































ButchbradientDescentIP
1 t

y
w̅'ᵗ

w̅ w̅ y

Algorithm BGD Linear Regression Learner

with a constant size

input D x y Exn ya Z T number of

w̅ random vector in R
epochs

for t l T

V E w̅ y

w̅ w̅ 20 w̅

return F x ̅ x ̅ w̅






































































































































F x ̅ x ̅ w̅
price

w̅ i i
i iii

fees too

F x x ̅t w̅ S

X of rooms

F x x ̅ w̅ 19






































































































































Computation

Closedform O nd tot

BD O not

if Tcd O ndt O nd O nd d

BGD is more computationally efficient

if Tad

IEE.it
t

ae

Xbti Ybti i X2b Y2b

M 1 bti YIM1 BH o s Mb Ymb

b mini batch size

M floor number of mini batches






































































































































we don't use n Mbeb datapoints
mb

w̅ y meet Mmlw̅ i EmDbt

Algorithm MBLD Linear Regression Learner

with a constant size

input D x y TxuYn Z T b

w̅ random vector in 112

M floor 1

for t l T

Randomly shuffle D

for m 1 M
mb

E if b w̅ y

w̅ w̅ 201W
return F x ̅ w̅






































































































































Advantage is MT is now the number

of gradient steps

setting b n M 1 gives
back BGD

b Man gives
stochastic GD SGD






































































































































polynomialRegression

Op X Z is a degree p polynomial feature map

For X R Z R where p
1
ptp

1

Fp flf R R and f x ̅ 0p x ̅ w̅ w̅ er

F CFC CFp

F f Fp 0

Ex r n a
F x ̅ 0LxT̅É

Fp x ̅ 0p x ̅TÉp

If cx ̅ xt̅w̅

for large p






































































































































EvaluatingPredictorsModels

Qctiveformal
Define a learner A Xx 9 f f X y

such that E L ACD is small

DfgA D Empirical Risk Minimization
ERM

Estimations
Use to estimate L f for all FEFC Hf X33
call the estimate f

be the FEF that minimizes

x ̅ ICH
Functionlass

When should we expect ERM to work well

When F contains an f that can make L f
small

When F is a good estimate of L I






































































































































IIDefodependsonDthen
E Fo ELL FD

l f Xi Y are not i i d

Fp depends on x ̅ 4 Xn Yn

It can be shown that

ELL Fo E Fo

increases as F gets more complex
decreases as n increases






































































































































EFTEIY.EE
Aa fsayes arymin f

f Eff f X y

f argmin L f
FEFF any function class F argyi f

t.DEIi ffEehif e'themeIrreducible
EE Error AE Error IE

IrreducibleErrors Due to inherent noise in labels

Decreases if you gather more better feature info

Usually not possible to do irreducible

is.IE

atronError Due to random data set
Decreases if you increase in

Increases if you increase F






































































































































A D ftp.p argy f F c CH

EI E Fo

EEEi.it E'hifiitgeE n
Error IE

I underfitting overfitting
a

wantptck

unpffiff
yfffffffIffff

I






































































































































Eiiiiiiiii.imtsDtest
Xn mti Yn mm Rn Yn

Dtrain n m Drest M

A Ptrain Fp argy p traulf F c CF

ann
Underfitting Overfitting

a

test
Fp

Fp

Ñppyp






































































































































BrasVariancetradeoff

E L f Let l be squared loss

if f
AE

EEFEEiEF FeIEeIt names
Variance Var folk x ̅ Bras IE
where F x ̅ E F X x ̅ expected predictor

Effects of changing
F n on Bras Varrance

Bias if F

Variance if n

if F






































































































































Regularizations

let w̅ Wo W Wp ERP

Cervaton large values of wollwb.o.ms it leads

to more complex fp x ̅ 0plxI̅w̅

1117111
Penalize large weights

Regularization
parameter

0,8

jigen
Regularized
estimated 5 0 not included

loss

IIIIII.TT
Decreases if x decreases

Variance Elf x x ̅ Fx
Increases if X decreases

Decreases if n increases






































































































































F argy Ex f

nap
Underfitting Overfitting
High Bias Low Bias

Low Variance High Variance
test f
F

I 101 102 10 3 104 X
100 10

I

w̅ angmin w̅ using squared loss
w̅ ERH

where a h w̅ y w

BD
w̅ 24 w̅






























































































SummaryofErrorsfc7GS gather more

informative
features

Alwaysgood Fp

Increases
Decreases

Most of
the time

small f x ̅ FBayes x ̅

for all x ̅ EX

It






































































































































MLE

Bayes argmin L f
fE flf X033

assume squared loss and Regression

frayestx ̅ ELY x ̅ x ̅

Y Penly ix ̅ dy

Use D to estimate Prix

MLEBasics
D Z Zn and Zi are i i d with pz

Assume Pz is based on some parameter w

You are give a fixed data D Zn Zn

WMLE argmax
pettifhood

WEW

argument
logppedingmative

log likelihood






































































































































argumen log I p z.ws

argument log p z.ws

EstimatingPy

D X Y XnXn E X 9 PD PD

x ̅ Y are i i d with Px y and Px ̅

Assume Yi x ̅ x ̅ N w̅ 1

pyx.ly exp

iy
É

w̅ MLE anggin Ef

arggpi.in w̅

fpayesx ̅ x ̅t w̅MLE






































































































































MAI
If Prix is a function of some parameter we W
then we just need to estimate that parameter

MLE arggy PDlwI if p z w

find w that maximizes the likelihood of thedata

MAP argmainPlwIn posterior

find w that is themost likelygiven the data

Wmap argue p w D

again P

Pirate

argm.in pPgld

argminEEetr.or






































































































































arginine log p Diw Plw

arginine log PID w logpcw

if n large then WMAD WMLE

if p w C a constant then WMAD WMLE

if Var W is large then WMAD WMLE

small then Wmap W

Estimatingffe
D x ̅ Y XnYn E X 9 PD PD

x ̅ Y are i i d with Px y and Px ̅

Assume Yi x ̅ x ̅ N Éw̅ 1

Pyx ̅ lYlx ̅ ta exp

Assume W N 0 are i i d for EEl d






































































































































and Wo N O T for very large

Uniform a a for large a

Wo is independent of W for all ye 1 d

Wmap argmaxw̅ER P WID

argmeip.lt
iw wi

It utmost regularizer

argutipati w̅

fpayesx ̅ x'̅T MAP






































































































































FEE.fi piace o.yx are mind for je 1 d

and Wo Laplace O b for very large b

Uniform a a for large a

Wo is independent of W for all jE 1 d

Wmap argmaxw̅ER P WID

argjepi.nl EwI x lw1
























































































Classification
Labels are unordered and usually finite

Loss l is 0 1 loss

f I l f x ̅ Yr Not continuous
Hard to optimize

fpayes argmin L f f E L f x ̅ y
fE flf x 3

fisayes E argmax ply ix
YEY

BClassifcation 9 0,13

MLE to estimate pmf plylx ̅
D E Y xn̅ Yn

Xi Yi are i i d with Px y Pxr̅

Assume YilX xi̅ Bernoulli α x ̅ Bernoulli T xT̅w̅I

p y x ̅ xT̅w 1 xT̅w
Y



F

logistic or sigmoid function f oz

WMLE argmaxWeron
PID w̅

arszi.ie ogcewstiiigiiaE
w̅ E T xw̅̅ y Xi

g
w̅ T xt̅w̅ yr

y g w̅

w̅MLE w̅'T

T x ̅t w̅ x ̅t w̅MLE α x ̅

fMLE x ̅



Binary Classification Learner

A D FBin

fBayes x ̅ argmax plying
YEY

argmax pLyix ̅ WMLE
yE 0,1

foin x ̅

ply I x ̅ WMLE fMLE x ̅

ply O x ̅ WMLE 1 FMLE x ̅

1 if face x ̅ 0.5

0 if face 5 0.5

1 if One 0

if ELELO
decision boundary



LogisticRegression

Y 0,1 representing values of x ̅

l f x1 y log f x 1 y log 1 f
cross entropy
loss

F f f R 0,1 and f x ̅ x ̅t w̅ where w̅ ER

Learner A D F

F argy
f

argy I E Y log f x 1 Yi log 1 f x

argue E Y log f x 1 Yi log 1 f x

FMLE



MulticlassClassifications I 0 k t

MLE to estimate pmf p ylx ̅
D E Y xn̅ Yn

Xi Yi are i i d with Px y Pxr̅

Assume YilX xi̅ Categorical rx
É

p y x ̅ x ̅tw x ̅t w̅

J Z Tolz Thitz 0,1 softmax

Ty Z ZnD
q.gl ptf

WMLE 0 MLE K 1

I r on log p y w̅o w

Wargw̅rm.FR fXiwy loy
fexj FfjJ

donvex



w̅o w̅hi E Ty xI̅w̅o x.̅tw i Igy.zl4Xis2Wy
Tv 9 5 w̅k1 2 it tERdttforyey
w̅ w̅ y'ᵗ to g w̅.tt w

Multiclass Classification Learner

A D Fm

fisayes E argmax plying
YEY

argmax p Y x ̅ WMLE o w̅MLE K 1
YEY

argmax Ty x ̅ w̅MLEo x ̅ w̅MLEk 1
YEY

final



gftmaxRegressionso.tt
0 I representing values of

α x ̅ ooo
x ̅

Labels k 3 7 one hot yi

l j g Effy log yg multiclass cross entropy loss

f f R 0,1 and f x ̅ x ̅t w̅o xt̅w̅

where to w̅ ER

Learner A D Fern

Fern argue
f

argue E Fi iglogfy x ̅

argue FI Yiqlogfy x ̅

fate face x ̅ T x ̅t w̅MLEo xw̅̅MLE k 1



Assume YilX xi̅ Categorical x x ̅ x ̅

Bernoulli x ̅ II

boat show J x ̅t w̅ME.o WMLE T MLE



VeuralNetworks
Layer 1 Layer B 1

i Layer B

Ii.IT

IEeFfIIiiiit i.fi
iffiIf ii

__

For layer b E 1 B

Weights
w̅ w̅ p Rd 1

PI i er

where Z a
b 1 w̅ for E 1 d

a 1f.fi pomtt d 0

a a8 1 a a a ER except b B



a a a e E R

where all h z for 1 01

nfunc

NI f x a

f x ̅ a'B n h x ̅ W why W
1

w

W

fin
was With

1 1



ERMwithNeuralNetworks
D X y x yn

A D f argy p f where f s l f x ̅ y

F fl f X Y and f is a NN with a

specific architecture

every fwy was EF is defined by B

weight matrices W W'B

A D F where f x a is defined by

W w̅ argmon
W we Él fw was x ̅

yDn
W W

Usually no closed form solution

w̅ w̅ y Dog W we



W W is usually not convex



Languagemodels

Task generating text

Ex Input Why did the chicken cross the road

output To get to the other side

Autoregressive generates output sequentially

by using its previous outputs and inputs

Ex Input Why did the chicken cross the road

Output To

Input Why did the chicken cross the road

To

Output get

g

Input Why did the chicken cross the road

To get to the other side

Output CEOS End of sequence token



We want a model f X 9 where

x ̅ EX is a sequence of words tokens
Fex EY is the next word token

all words punctuation EOS PADY

1 k Vocabulary 19 k

token Y

Predicting discrete labels causes problems with
optimization

Lets predict the probability of each token

and then pick the token with the largest probability

We want a model fprob X Yprob where

x ̅ EX is a sequence of
tokens

fproblx ̅ Yprob is a vector of probabilities of all

possible next tokens

Yprob 0,138



2

12
fin p

softmax
T

2

fprob x ̅ T FNNCx ̅ EYprob Eq 9 1 αqE 0,1

How do we represent a sequence of tokens s

as a vector xE̅R

E 3 R Embedding function

tokens vectors assume it is given

E

o
concat I fpro KEY probi and Bias

F11H E

S E



E s x ̅ EX Rdt where d coll

s is a sequence of context length
at most c tokens

To handle sequences
shorter than c words

a padding token PAD is added

creatingaDatasets.FI
iefiiEii va

C
C

X Els x ̅ Else xn̅ E sn E R

Y onehotly 0,13 c 0,17K

72 one hot yn 90,13K

Yn one hot yn 0,138

D E Y xn̅ Tn



ETIIEI.ie

F f f X Ypro where f T fin and fun is
a NN with a fixed architecture

l is multiclass cross entropy loss



Embeddings

Ex d 2 E 3 R

king manE big
8

E large
to

E woman
E queen

E RomeE Paris

o

E ItalyE France


