
sum over training samples

A strict. convex function has a unique global min. For convex functions, every local min is a global min

A gradient (at a point) is the slope of the tangent to the function (at that point). It points to the direction of largest increase of the function.

enable computation of classifiers in high-dimensional space 
without performing computations in this high-dimensional space.

Loss of 1 data point

only use the sign (one bit) of each gradient entry → communication 
efficient for distributed training (but convergence issue)

Vector where function is above is a subgradient 

MLE can also be interpreted as find- ing the model 
under which the observed data is most likely to 
have been generated from (probabilistically)

MLE is consistent, i.e., it will give us the correct model assuming that we have a sufficient amount of data.

MLE is efficient, i.e. it achieves the Cramer-Rao lower bound

MLE is a sample approximation to the expected log-likelihood:

Robust to 
outliers and 
unbalanced 
data

Regression : N : data-size D : dimfeatures Dre : Model param . With offset Optimization : W
*

= arguin frw) st WE but very sensitive to ill-conditioning- solution : normalize

- relates Xn to Yn . Regression Funct : yef(xn) = furn)efgoals : Prediction Smooth : 1)Gridsearch : Get thelowest loss over all W
.Brute-force Exponential complexity /No guarantee to find an optimum

· 2)Gradient descent

ER update &D

·ForMA:
N

more robust to

USErwr := Ean-fun Maerw) := Infu outliers than USE

convexity : Afunctionhiwithusveforanyverland any 3) SGD : Take e randome En17In(w))= Panas cost of so

- cheaandunbiased estmethegradin ,

wheperson an
- Sum of convex functions are convex-fi RPR convex iff Mif = PS.

Global :
4

.1) SGD with momentum : With

gWithstan forgo
show converta

2)T2(w) = o

4.2) ADAM : with·1) cost fet is convex be it's combination of convex fats cost : IND"-53
4

. 31 Sign-sos
2) Thrw) = -* o =w = w

*
= (*)** y # Gram sub

matrixer is invertible (if rank() = 1) Prediction on unseen Data :

Non-smooth :

ro
if L convex and differentiable :

- g =Df(w) cost of GD per
· if DSN : rank(X)D if DIN

,
but some if subgradient D : Vector get such that Step : erN . D

col * :d arenearly) collinear : ill-cond
.

= Solution : Unear solver :** W*
Trick :If few) = /glass with h non-diff. anda diff,

underfitting : Can't find fit
,

too limited overfitting : Fits noise too
,

too rich
-O

= subs of fat w is geoh/gras). .
T gras Cost of SGD

Augment linear models :

↳ set of subG ofh per step old

Avoid overfit : Increase N
,

keepM fixed (add data
, same model complexity

Note : 2 RV indep in R : Ply M
,
G2) = Niy M

,
02) = (ate

*

expl-ry - up 202)
subgrad

how where miw is the regulara -> risk overfitting

MLE : Gaussian RV int : N/y M , 2) = (detre)
**

ext-a5(y-metE(y-m) 12 ess
-0 (no reg

When PrX,y) = Pry) Pry sunknown
- risk underfitting

Probalistic model for LS : assume data yn-wren with ener,
Lai mew)=W = E: w: Ridge : +USE : Minryn-ww

↓- /strong reg

assumption on noise closed-form sol: - always invertible thanks to D'andtheSave
Likelihood :

O

- Fight :ll-conditioning.

~
Itom L:=we Lasso :Lust:-w More powerful. Makes sure

-> fewmon-o components
Log

=

as Min Luse Note : is an ellipsoid. These are likely to touch a corner of the "Le-ball"- sparsity.

= O Notes : gradient of wil = zu subgradient 11 Wi = /sign(Wel , ...,
signtwes

Properties :

& Lu(w) = Ery, (logPly/x,we

· Wre" Wrrue ·

Replace Gaussian with Laplace : Pryn/n ,
w) = (ab)"expFlyn-*nw

-a unt

Kernel : Ridge : -> 2 solutions
45

= W
*

Espan(e
,...,Xn

Cov Fune
Representer theorem :

-

·

xnforridgewatermea
-

-

W

LinearKernefrick
: kt

is expensive ,
so use Rep theorem : -Nonlinear inXa

k,= x'
Quad: PlKernels : Linear :

prx = x
RBF :

GeekemenCombsures diff: Kernel fet is symia

Products :

· Kernel matrix psd

↳

Primal
opti : Convex dunity :

How
to get w for softs Glu

, ) so 2

18

2) Min :

an = 0 : Xer Not margin ,
Inertiar
many concave in wuna

Interpret

prenties:

u2 I
&

desirable computat
- innal property

LS :

-

i

-

Bias-variance : Y = f(x) + E
. Expected errow : Exixime (14-fs(x))) --true of every point : Lifs) = Earsa((f(x) + 3-fs(x))2)

= f kan'tgo
bea

Noise var Bias var

classification : unlike reg. Y e discrete so: Yes, ...,
CriBinary K = 2 Classifier divides space into classes

KNN : Pros No opt :, easy
,

good for low dim Cons &slow ,
bad for high dim

,
distance? Max-Margin : Hp which

Genera : zat: on : Model : nown distrib With range XxY
max margin Nonlinear classif : Feature any or Kernels Binary Classif goal : min La(f) = Ed (1yef(x) = Pe(yfra

Datas : S = En
,Yn-Did

,

learning algo : Ars) = Es runuty Is : inputs Bayes classif : f* argmin Lof) f*x) = argmax Pry=/=) unattainable be I not known

ye(- 1
, 1) Problem : Not convex

Expect error : La(7) = Eriys-acery,fixesisn Empirical error : (LN:L 2 classes of Classif algo e Non-Param : Local Aug IKNN Param : minE - o Replace f and
N

Loft =Is fyn, fram training error : Lshyn,f ERM : miner instead tremise:inGrannyf
by convex fat.

But could diverge fromLo be of overfitting

split data (test error) : Latest (strain) Istestess 1/yn
, Estrann)) = Lofstrain

1b-a) In 12/8 Error decreases as

Generalization error : (a)-(stesf) =

zistest rera, b) bounds on thecossener.
O

N

Hoeffding's : P/1On-Erezeba with =eryn , fron

1b-a) In (2/s
2) S. zetistes/buod =

21stest

Model Selection :

Split data, train k times for each value
,

compute error

Bound : Pemaxk Laffer-Lsesife) =-a) Inrus) Issame
21 Stest

1b-a) In 12k/SL K* argmine Lafe)
= pilaste Late+ zistestSand= argmine (stest (fk

K-fold Cross-validation : 1
. Randomly partion data intoK groups.

-- g
I2

.
Train k times

,
leavingI group for test and K-1 for train

. SUM : HardSUM : Max-margin separating Hp :

Margin correctly classified

Equiv to : M =wip
3. AverageK results

.
- unbiased estimate of the gen . error and its var.

= Soft. SUM : Not linearly separable! -o use slack variable :

logistic reg : Model woba's So,14 winee-= He = equiv to : = ERM for hinge loss

sirs = airyre-oil)
,

prek) = oututwo)
,

proy) = --p/) if prix) - class
Margin-base Losses (1 = y* W

Coba
with ridge x

MLE : assumewi LL : - all upper Bound For o-e loss as

=> Note : if 50,13 : if 5-1 ,
18:&

=> find
= Miw)=knw-yn(n =(w)-) - NoS

solution but convex ! GD : Slow OIN) SGD : fast but converges slow
-

Newton's : -

=> intensive ! Regularized : issue in data

(in separable. = EthicsWewaknowledge , not stereotypes - ML can't distinguish da mightdiscriminate invites Three fairness criteria: Can a



When dimension d gets large (with fixed 
N), hard to find a neighboring point

alternately computing a lower bound on the log likelihood for the current parameter values (E) and 
then maximizing this bound to obtain the new parameter values (M)

k- NN :

for registran =EynA for classif : frank maynih
O

small K : Cow Bias
, High Var .

Use odd K
. When K =N : cst Prediction.

·
. ParamsNoninity

is

important 's theorem : Alsouse comG
W(

Curse of D: X
+ y = 20, 1)9x50

,
12 ·

↑

-

BayesClassifier:Minon alluse t

·

= b(z)
Bound

=> Final layer
22n 02n

e

↑

Sudd un

close vaneswarmvayme
the a

BE M ↳22k for Var(ziter)

·Matrix facto:DXN WZT
,WEDxK) Item Crow

,
ze (NxK) user frows

,
KIN

=>/w, z=[an-wanopt not jointly convex and not unique(d
, /Em

K: latent feat
. Large K-e oversit Reg : /W ,z)WizmValls/SGD : Derive T Ford (

,
(nk) (2) for fixedd

ALS : Assume X is full ,
we use coord descent :

Cust OK) indep of N
,

S !

Minan-weanElx-we fix winz
, vice-verse

=

=But not full :MinEan-weanywhrwztozl
-

!Tetrepresenw
:

<le ,
(2]

Glove :
I

fast text : supervised .
Sn = (We, ..., Wm) and Knea Bow of Se and Yes11 Label :

min 11W, z)= En a serience flyn WEXn)
,
Wer

,
zer*f a classifier

W, z

supervised : use can or mot fact unsupervised : adding or aug Word vectors
and train

,
then direct unsupervised train using sentences instead of words.

LLMS : PLM : distribution over text : Next okenpredi
that X ~PK) · Forwarddecompoa est

whereoteach step
,
the marginalsaista

PKXIXe
, ...,

Xe) .
PreX

, ...,Xa. ... PX) =
1 =

Tokenizer : indep from model Ar inference :Tokenize 2) Forward 3) Proba for next token

Posttraining : small of high quality to make model usable. Distributed learning :
-

↳ sample 5) Detoken of Repeat 2) Data : Pretraining : A lot of low quality to learn. WeuseamouConversal

f

pooling Max orAustersSize,addingrideit
Relll after each conv layer to make if Non-linear. transformers : fiseq-eseq input its

token
.Tokens of dima

(transf
, +xsoutputTransformer : LN , SAIbtween)

,
MLP (within

,
s

Back propa i) Backpropa indep 2) Sum grad of edges withSum weights

ResetAdd standardNewonetox In : Tokenized--Embedding : map each forens into veter weeX=w We ...Week

Wemb = Twe
... Wur]ER

Nuc
karnt via backpropa . X = Lei,..., eis emb .

Position : X = Lei,..., eisTemb then, . .., et spos
Weight decay : No need for Bias.

St : Aitok- tok using learned indep . Weightedaug.
= SA doesn't accout for position

Dropout : Subnetwork by keeping with Probap each mode. But use =Can also do it for HSA : Zh
Ot WK

, Wa(axbr)
,
Wu(bxbu

Whole network when testing MLP : mix info within each token : MCP(X) = eXwe/Wa -e applied to each taken . Output : single or multiple simple
Adversarial ML : Standard us Adv visk :

Generating adv example : given input ( , 2) and fix-e8. 1
,
18 : Find * st :

Transformers are used for Encoders (Classification)
,

Decoders (Chatapt) ,
Encoder-Becoder translation

a) //*-x11E b) the model f makes a mistake =o

unsupervised learning :Model-based clustering : K-Means : Fix K clusters and find Cluster centroids Mr and Assignment Znk=So,

Issues : 1) fee Not continuous 2) NN pred output 8-1 ,
18

·
Solutions : Yuse Objective function : (WCSS) W : Within

Vote : grx) = Algo : 1) Input datad, Clusters & Intidize Vandom Mr 3) Assign each point to new center znkfk = arguing -Myt
other wiseSmooth 2 2) consider output before classif (f(x) = sign(grass. Pry= (x) Every iteration

= WhiteknowGrIve - ↑ ↑ 4) Update centroids (means: => repeat 3) 4) until convergence Iteration cost/NKd) the Wess

convergence : Coordinate descent : -> optimum not guaranteed
12 : ↳: = PGD : Multiple

Steps ! minf(z,) =-Uzob Challenges: Depends on initialization =ek-means : Spread initial centroids logk) optimal solution
dont k gray but needs Lots
Black-box : 1) score-based : Query conti model scores g(x of queries

2) Which K optimal?Elbow method of K on WCSS
.

3) Can't model other shapes than spheres. 4) sensitive to outliers

1b) Decision-based : Query only predicted class foo 5) Hard assignments in overlapping clusters.

E 51
,
17 GMM : calculate distrib of clusters .

K Gaussians . Z (unobserved) multinomial -o P(z = k)=k = Zetk =e

2)Transfer attacks : Train of on similar data.- Model stealing MLE : but non-convex, no unique opt,
unbounded

.

- Need EM algorithm
We have

Train robust models : Train and min on adv examples and risk. Hardem : 88= E *k ,
Mr

,
[akeeks

.

E : Predict most likely class for each data point : -> labeled

1 approx with PGD
data !

= MiMLE of using D=exn
,
znEneens : · K-Means : Hard EM , Te=,Z=

2) Go w .r .t o using
Note : robustness comes at the cost of accuracy

SoftEM : Use posteriors 8= EM,kecks E: compute posteriors :

MiMLE of using q*n) : Iteration cost

OINKD")
General EM : Not only GMM : 210) = 119 ,

8) + KL(9/19) where ais distribution que) St
. Ez9(2)= 1. Coordinate ascent

Goal : Max incomplete 210) = log(p(18) by max lower bound : 119,
01 = log(90 algorithm of 119,8

E : compute Prz/X
,
8): Write and calculate :

M : max => Note :Brota
Laoof

Initialization : Weights : Uniform Means : Rand or K-Means of Var : empirical

be approx.

=

Approximate score with a NN :


