
Week 6 #30/25
-

↳ Quiz

B Last class : 34810avg
· most mathematical topic

· working on problem helped?

- Pet 5 due tonight
↳ Flipped class Thursday

↳ OH Friday 10-11 :30
,

12:30 - 1 : 00



Review
-

(w
,X)- 6= 0 Today : Why is(X")xh so useful?

* *

*
·

a new (simple) algorithm
*

B

⑧
· Kernel trick (why dual sum)

& · extend trick to other algorithms
⑨ G

⑤

①

Primal min w: Sty, x+ -b) - 17 -E Ei-

# variables = d + 1 +/Weird
,
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Dual maxxidgyx diy-

#variables =n // <-I+



NearestNeighbors ↑

close
/

by cosine similarity

On new point "closest" ~ xlla· findI cos(OI
to X from training points Tangle between X

, w

·

aggregatelabels Proof: C
a= 11 XII2

↳ mode for classification · w

a 70.
is average for egression O

⑧

Voronoi
cosO=-by Law of cose to

9
·B
-



cos(0)=Holly
Equivalent :

· large angle O

· small cosine sim cosO
· large distance 11 X-wllz

MNIST : ①123456789

-
q 99949

Non-parametric (like Naive Bayes) ,
how can we improve?



Featuretransfor
is

Polynomialhereex + 179 for integer
↑ old) time

# p(=

(E)
d= 3 p =2

EX3

Y
nX

can be very large *
Reve k(X,x) = < ((x), (x1)

Exc + z0(dP)

REME= O(X(XT kere OlIna
9) (X) is infinite series

Bio Q : How is this faster?



eparameterizationtries naturally appear ? gisticRegressionexul
, 3)

Replace Xw with XXTv W

VS

Y
any min Lce(o(xxv) , y)

why is this okay ?

WLOG
,

w= vix = X 2

.rRequiaProof : Suppose for contradiction not

i.e., wirty
*u= 0 fi

VS

Xw = Xv +Xn = Xv
any min LX,l



#02/2025
So far ,

we have :

1 .Selected features (and transformed them)

2. Trained a model on the features

Neural networks will let us do both simultaneously~



NeuralNetworks
w,

Wz
->

Separating
Hyperplanes, X

X
X W3

↓ Featurearmation Wy

↓ 1)(z=o
wit->2 1/2

⑪was -> O10 was> O "
⑪ = I



Neural Network Architecture Choices Include:
-

-

4 Activation function
,

<X,
w

,) o((xw
,)) · - (z) =max(0

, z) BeLU

*

XI

· O(z) = Hez "Sigmoid"
f(x) 4 Number of layers

X2
↳ Number of neurons

& - weights ↳ Loss function
weights neuron U · MSE · Cross Entropy

un. Sequential (
March m .

Linear(2, 4) nu . relu() nn
. Linear (4, 1) un .

Linear (2
,
4)

, nm .Velu()
, nn

. Linear(4,1)
>

(2)
Linear

WeIREgebra
a 4x20(W) Wer*Y w()-(wX)



Optimizationnow
do we compute Notquickly) ?

ChainRule Review

lim
f

t50

: REIR y
: /R-RS & fly(x))=Sm

- f(y(x))=X

f : R
&
-R Yi : /ReR

( , (x) ....,Ym(x)) =(



PassForward
-

v (4, . . ., (d)

And so an

Pytorch

pred-model (x)
loss = loss -fu (pred, y)

Insight : Only need u
, . . ud

to computer



BackwardPass

&

↓

And so on
&

Pytorch :

loss . Jackward()

Insight : Only need of and to computea



nearAlgebraic Vie
a

lasos

Backprop proposed in 1980s

Q : Why the wait?

A : Only really useful with MANY weights

sparameters) , which takes storage and compute

In 2010s
,
researchers realized GPUs

(good at matrix mult for video games
could be used for newal nets!



Forward Backward
- -
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Note : We want UL

, easy from gradient of neurons



Q : Why would Gradient descent work when function highly non-convex?

· Maybe high dimensional loss functions

rarely have local minima

· Not well explained by theory

Next week : Two very import architectures

· Convolutions : How can we make networks efficient ?

↳ Linear /1000, 1000 has Im paam

· Transformers : How can we process surential data?

↳
eg text

, video


