
CS 189 Notes Jeffrey Shen
I 2 Classifiers

11 Regression, Newton's Method,ROC 16 kernel Trick
n observations

,
each w/ d features

LS. w that min HXW -y112
Optimize w=XTa=

.

a:X,
lxtx + XI)w=xTy

Perceptron Alg: slow but for linearly separable
w= KTX)

-'
✗Ty For solution a. (XXIII) a =y,(xTx+dI)Xta=XTy

risk func: Rlw)= I§ -

YiXi
-w

Dual Form Ridge Regression: min llxxta -y112+1111×4112
logistic Regression : find w min

3 Grad Descent Training : Solve (XXIII)a=y
Grad Descent : w←w + E .¥yiXi F- <Hi ' N' Yi) = - (Yih ski - w) + 4-Yi) /nlt-ski • w))) Testing : Regression hlz)=wTz=aTXz=

,

a:(✗Tz)
Stochastic Grad Desc: w←w+EyiXi 0wJ= - El}÷☐si - [¥ Psi) = -✗

'

Ty- slxw)) kernel funo: k(× ,2) = ✗Tz

4 Support Vector Mach. (SVM); Features Gradient descent : w ← w + c-xtly- slxw)) hemel matrix : K= XXT , kij=k(Xi , X;)
Hard Margin SUM : And wit to min 11Wh≥ Stochastic Gradient descent : w ←w-itlyi-slxi.ws)Xi Polynomial kernel : degreep is klxiz)=(xTz + 1)

P

constraints yilw-Xi-1×7>-1 Newton's Method: Wee:(xirx)e=XT(y-g) Thin: 1×1-2+1)P= EIHT EG)

Gaussian kernel : OI St KK ,z)= exp /-
11×-2112

Soft Margin SUM: slack var to violate 2oz )12 Bias-Variance Decomposition
find w, a and § to min 11hr42 -1C €

,
{i

st yilxi.w+✗) ≥ 1- Bi , §. ≥O Bias : error due to inability of hypothesis h to A- 17 Neural Networks classification
, regression

big G- keep slack var small
, overfitting, sensitive to outlive g perfectly, wrong model use a logistic function between linear combinations

Features: make nonlinear features into higher dim space,a)parabolic
Variance: error from fitting random noise in data

,
Network w/ I Hidden Layer

5 ML Abstractions & Numerical Optimization
-Underfitting = too much bias Input : × . . . . XD ; ✗an =L Hidden: hi . . .hn; hmm =L

- overfitting = too much variance Output: 2
, . . . 2k1) Unconstrained Optimization : min cont. obj func Ftw)

Layer 1 weights: mild-11) matrix V Vit row i
- training error tests bias not variance

,2) Constrained: f-1×491×1=0, find w min flu) Layer2 weights: K ✗ (mtl) matrix w wit now i
test error for both

3) LP: max c. w st Aw ≤b. n linear constraints Ai -w≤bi Backpropagation- variance is 0 as distributions nine
4) QP: find w : min fH=wTQw 1- CTW St Aw ≤ b

- if h fit g well
,
distributions bias → 0

,
nix

- dynamic programming algorithm for
Positive Definite (PD) : WTQW>0 for all w≠0

- good feature reduces bias computing gradients nerved for grad6 Design Theory - adding feature increases variance descent
Risk: expected loss over xiy F-[Llrlx) ,4)]

-variance decreases as tncsamplepts) 18 Neurobio
,
Variations on NNBayes Classifier: min Rt) given Llz,y)=O for z=y

, increases as d(features
optimal Risk Rlr*)=fy:¥, Lty,y)flX=xlY=y)PlY=y)dx

RELU
, ramp, hingefn: rlly)={ I 4 ≥0

13 Ridge & Lasso Regression 01<0

7 Gaussian Discriminant Analysis qq.gg] 19 Better NN Training , CNNRidge:w to min HXW -9112+1111will
≥

Assume Normal ✗nN(µ,02)= (2£, g)d e Heuristics for Faster Training
QDA: diff • ,µ Ng reduces overfitting by reducing Variance Stochastic Gradient Descent: faster than batch on large, redundant datasets

To recover posterior probability 5- 1¥ Maximum a posteriori (MAP) : using
likelihood

,
but Max posterior

EPO

P(Y=C/ ×)= f-1×19=4 Tic
C- 1×14=4-1kt FIX/7-D) g-☐

= s(Qᵈ×)- Q☐(×))
posterior flux,y)= fly/ Xsw) ✗ prior flw

')
=
Llw)f(w)

flylx) flylx)
LDA: same 0, differ , approx Bayes Decision rule maximize log posterior = In Llw) -1 In flu') - const

Max Uz _ MUCH ⇒ Minimize HXM-9112-1×1101112
2oz

+ In Tlc
,
P(Y=4✗=x)=s(w-✗+d)

Lasso: min HXW -9112 -11111W'll ,Decision Boundary : Qclx)- Q☐Lx)=O
Feature Subset Selection : find

MLE: estimate model params
poorly predictive features{In,o;X, ... Xn)=f(× ,)flXz) . . . f-(Xn)

2oz
- din Eti - dlno) Heuristic 1 : Forward Stepwise Selection Old2)log likelihood l max f- Mi - all

≥

1) Start v1 null model 10 features)

2) add best feature until valid error increasing= at ÉHX; -Mlf
i=' Heuristic 2 : Backward Stepwise Selection Old2)

8 Eigenvectors & Multivariate Normal Dish 1) start w/ d features
if A is invertible vis eigenvector of A-

' w/ eigenvalue Yd 2) remove gives best reduction invalid error

if u is an eigenvector of A w/ eigenvalue A 14 Decision Trees classification & regression
v is eigenvector of Ak w/ eigenvalue XK Tree w/ 2 node types:

9 10 Regression , LS, Linear & Logistic Regression -internal nodes to test I feature value & branch
- leaf nodes specify class hlx)converges

Entropy : HIS)= - § p.bg, p, p,
/ { its :yi=c} /

Ridge: linear neg tune -1 Squared loss 1st

+ L2 neg ↳ same class:O, half C. half D: 1 ,
n pts , diff classes :/ogzn

Lasso : linear neg Amc + squared loss Weighted Aug Entropy : Haftar
Isil HIS.) + Isr/ Hlsr)

+ Ll neg
Isil + lsrl

Sparse Sol Information 9am: HIS)- Hatter max info gain

logistic: logistic regfunc + weighted sum -1 mean cost 15 Decision Tree, Ensemble Leaming RandomForest
Multivariate Split: And non-axis aligned splits orgenerate randomlyLS: linear neg fnnct Squared

loss + mean cost
Decision Tree Regression : creates piecewise constant regression func

Stopping Early : most points same, depth too great, prune

Pruning Greedily remove each split that improves validation
,
more reliable

Ensemble learning : decrease variance
Bagging : same learning alg on random subsets of one training set

Random Forests: randomized decision trees on random subsamples

1)

2) ch : presents every training pt once
3) Normalizing: center mean at zero ,

scale so variance ≈ I

4) Different teaming rate for each layer of weights
Heuristic to Avoid Overfitting
1) Fewer hidden units

2) Weight decay : la regularization

Convolutional Neural Networks

1) Local connectivity : hidden layer to small patch of prov layer

2) Shared weight : hidden units share mask
,
filter

, kernel

convolution: same linear transformation applied to diff parts of imageby shifting
20 Unsupervised Learning & Principal components .AM
Unsupervised learning: sample points but no labels

,
discover structure

PCA: find K directions to capture variance

Find w max Vardi , ,xi . :X:D -
- ± (xi-Y-wyj-t.IE#--h"

21 Singular Value Decomposition , Clustering
✗ = U D ✓+

= [ 8;uiV?
%?

- u- ,_
O

'

-XD - rank 1 outer

dxd did product matrix

n xd nxd VTV=)
left singular→ UTU -_ I

vectors
P right singular vectors

£
, . . .

8D are nenegatnee singular values of X

Vi is an eigenvector of XTX w/ eigenvalue 8?

Row i of UD gives principle coordinates of sample point Xi

k- means clustering (Lloyd's Algorithm) partition n points

into K disjoint clusters
,assign Xi a

cluster label g. c- Lisk]

min y in É { 11 Xj - Milk
i=1yj=iHierarchical Clustering

Creates a tree
, every subtree is a cluster

Agglomerative clustering : each point a cluster and combine

Hierarchical clustering : all pts in one cluster, split



Dist fnnc for clusters AB MISC
Tr(AB)=Tr(B.A) PSDQ= PDPT

Complete Linkage: DIA,B) = Max {dlwi) : WEA
,
✗ c-B} Linear Algebra µ-y_=A

PD"D" P
"

single Linkage: d(A.B) = min { dlwsx) : WEA, ✗ c- B } = Ulli
22 Norm (Euclidean) : 11×112 :=[x?=xÑ (AtB)

+
= AT_' BT A=AkA"zAverage Linkage: DIA , B) = ¥1B, §*Bdl↳×) 4 Norm : 11×11 , -§ /✗it

LAB)T= BTAT = (DD"4Pt)(PDPᵗ)=PDptCentroid linkage: d(A.B) = dlma.us) µ mean of s [✗ Norm : 11×16 :=¥¥n /✗it

Frobenius Norm : HAHF '

- = FEA?j=Tr(AtAM Eigenvalues 2×2
22 High Dimensions, Random Projection ,Pseudoinv ⇒ ⇔

Orthonormal :UiTUj=O,i≠j and Hui 112--1Pi sampled from univariate normal dist w/ mean 0 , variance I [{ &] ME m2-p
pi - NAD pi - ✗%) F-[p?] -4 Varlp?)=2 Trace: TRA = €

,

Ai; SUM ofdiagonal elements p

F- [11pm]=dE[p?] =D Varlllp"
≥

)=dVarlpD=2d SDLHPIP) = Ed Cauchy -SchwartzInequality: Izty/ ≤ llytlz -112112 a¥
At ad-be

Random Projection : Project onto random subspace, could present dist better Fundamental theorem of Linear Algebra
Choose small f. small S , random subspace S C Rd dimension Is

, k=[?¥Y¥] Range of a matrix is the orthogonal complement
of the nullspace of its transpose

For pt q , let § be orthogonal prig q onto S
, multiplied by § R (A)

1-

=N(AT)
Pseudo inverse Dt by transposing D and replacing nonzero w/ reciprocal

spectral Theorem (symmetric eigenvalue decomposition (SED ))

DD+D=D D+DD+=Dt DZD-1 =D A- = €
,

Rivlin? -- HAUT
,
A = diag (hi , . . . .hn)

✗ is nxd matrix k-UDVtrankD-rank.li) Tre = tnxxt = In /1×11?
Moore- Penrose pseudoinverse X is Xᵗ=VD+UT Total Variance:Tr2=Tr(UAUT) - TruTVA) =Trh=X, -1 . . _ + In MC

1) ✗✗
+
=uDVTVD+UT=ulDD+)UT symmetric, PSD rank: linearly independent columns × : R

""

- rotation does not change principal comp2) ✗
+✗ =VD+UTUDVT= ✓ (Dt D)VT symmetric, PSD Rank-Nullity theorem: n - dimlnullspacelx))- rank (A)

3) same rank :D,D+,DD+,D+D,X,×+,xx+,x+× - dot prod XV , to get principle comp
dimlrowspacelx))=dm(columnspacelxt))=rank(×t)=rankC×)

4) ✗✗+✗=X - variance: how much change w/ diff dataset5) ✗+✗✗ + =X+ _ symmetric matrix has real eigenvalues
solution to normal eq × 'Iw=×ᵗy is w=×+y

- eigenvalues neg if concave
↳ high var⇒ ouerfit

23 Learning Theory - Axis scaled by square roots of - bias: how well model predicts training
eigenvalues of {

constrain hypotheses we allow learner to consider - ↑ entropy ↑ uncertainty- Cowan = XXTRange Space (set system): pair (AH) ,P set of all possible test /training
n

✗ C- ☒
nxd

- VC of half-plane is 3It : hypotheses class
,
set of hypotheses Symmetric matrix M

1) Power set classifiers :P set of K numbers
,
A power set of P. Positive Definite : if WTMW >0 - XXT columns are eigenvectors2k subsets of P all w -1=0 ⇔ pos eigenvalues2) Linear classifier: P=Rᵈ

,
A set of all halfspaces form { × :wx ≥ -a} positive semidefinite. if wimw ≥O -cross entropy intend of MSE for sigmoid

all w ⇔ nonnegative eigenvalues
Hoeffding's inequality : prob of bad estimate

,
how likely number Indefinite : if pos & neg eigenvalue

-

pruning has better test ucu than stop earlydrawn from binomial distr far from mean Invertible : no zero eigenvalue
Poftrlh) - Rlh) / > e) ≤ 2é

""
n

convex : ✗
2 U £ ?

>

Dichotomy : ✗nh, HEH, tuna that assigns training point to Cannot
-C concave: ☒ × -

y >0 × .y=O KY-8

Shatter fnnc: Titln)=µF¥×≤p 'T# G) most dichotomies of point set Sian
Vapniks- Chervonenkis dimension : VCLH)=ma×{n.it#ln)--2n} _

×

cosd- =p
= ¥11 -1¥
Ww

VE dimension is upper bound on exponent of polynomial length 1 length /

24 Boosting; Nearest Neighbor Classification F-[cost ]=0 SD /cost) at
ProbabilityAdaBoost : "adaptive Boosting

"

ensemble method for classification

Bayes Rule : p(y=| / xj.PH/Y--DPlY--1) Jim- trains multiple learners on weighted sample points
eposieior

Pk)
- diff weights for each learner PLA , B) = {PLA,B,C)
- increases weights of misclassified training pts chain Rule: PLA,B.c) = PIA ,Blc)P(c) = PLAIB,C) PLBIc) Plc)
- bigger vote to accurate learners

A- conditionally independentgiven C : PLA,Blc)=P(AIC)P(Btc)
- Meta learner : linear combination of learners , Mk)=,p*G+lz) A independent of B given C: PLAIB, c)= PLAID

+ A,B independent : PLA , B) =P (A)PLB)
o.7.ir?h-i=&4MHi).yi),Mlxi)--EB+G+lxi),L(p,l)=e-Pl-- {ee? 1=+1

1=-1

PLA / B.c)= PIA , B. c) = PLA,Btc)
Optimal Bt after d- Risk __ O

,
B
,
= -12 In/

tent) PIB, c) PIBIC)
dBr ert

p(×)=P(✗ 14=1)P(Y=D+P(X1Y= - 1)PLY =-D
Boosting Benefits ↑ : fast , no hyperparameter, subset selection

,

Nearest Neighbor Classification Matrix Derivatives
Idea: query point q And K sample pts nearest q

distance metric

Regression : retain avg label of K pls

classification: return class W most votes from K pts

25 NN Algos, Voronoi Diagrams, K-D trees
Exhaustive K-NN Alg : query pt q

- Scan through all pts and find squared dist to of
- keep Max-heap w/ k shortest dist found so far

Voronoi Diagrams: X point set

Voronoi cell : w c- ✗ is Vor w={ptRᵈ : Hp -wit ≤ Up -v11 tv EX

Point location : for query point q c- Rd
,
And point

WEX where q c- Vor W

↳ good for 1- NN in 2or 3 dimensions

K- d Trees : Decision Trees for NN search

-Choose splitting feature: w/ greatest width

↳ splitting value : median point for feature i


