
EECS 245 , Winter 2026

⑫19 Gradient Descent and Convexity

-> Read : Ch . 8



Agenda nouncements
~

- Gradient descent : what's the point ?
- MT2 on Monday ;
see logistics on Ed

-Update rule - Mock exam Friday :

- Worked example I2 :30-5 : JOPM , 1014 DOW

- Using GD to find optimal
model - HW 9A due Friday ,

parameters HW 9B out soon

- When is GD guaranteed to converge ?
- No in-person lecture

next week :
- Convexity (not on MT2 , - office hours Monday

but on Final Exam)
- Video posted for weds.



lots of new visuals

in Ch . 7

and Ch - 8 :

take a look !



"Gradient field" ->



What's the point of gradient descent?

Minimizea function

*
derivative existput



Gradient descent Goal : Find the
* that minimizes
-

Given an initial guess , <(0) f(x)

and a step size, 20 (also called learning rate)
opportea gradient at

old guessupdate rule :
-
(t)) -

y(t+ 1) = X - xXf(x()
↓↑

guess at
iteration t+ 1 scalar

Terminate when 11Xf(***) /) : 0 . 001 (tolerance)



Anity1
,0x = (x , -2) + 2x . - (xz- 3)2
&EIR

?

Given **: (8] , a=
Find ?" = y()- c Xf(x))

= [i] - (5)
: [S]



f(x) = (x ,
-2) + 2x . - (xz- 3)2

2(x, -C) + 2
#f(*) = I I- 2(x2 - 3)

at %] , *y((87) = [_24
+

2 = [5)



Gradient descent is made for minimizing

average loss
to find optimal model parameters
-

Iy-Xirll
- don't need gradient descent to find

in:

there is a closed form soln,

i = (X+X)
+ XTy

- GD could be quicker if the data is massive



what if we used GD to minimize

Rsq(i) =Ally-Xall" ?

DRsg(n) = = (x+ - XXw)

[H+) = i( - x(tXy - xXw()
let's visualize : look at 5. 4 !



↓

approach
ya



as t increases,

MSE approaches
theoretical minimum



this is the

- function we

just used

GD to

minimize !



a

when wouldW
like this ?
Rsq(n) I vote

-> if X's columns
are linearly
dependent
-



Is this function convex? no !
-

/bad
X

bad !W* not ideal : localmin



I
on
or
above

convex ? Yes !#Exe



#



convex ?

yes !I inicontent



o



Idea : - is convex if everypossiblesecauti
set

Taf()Xisi ---- - (5 , f())X
t= 0 returns f(g)
t= 1 returns f(b)
L(t) = f(a) + t(f(p)

-f(m)
-H fla)+ f()



filRa -> IR "Formal definition
"

If is convex if for all 5,b
in its domain,

and any
t - 20 , 17,

A+ + +(b)

point on line t%% of way

t% of way from from[a,f(a) , (b , f(b))
a toB



This definition of convexity
doesn't require

derivatives ;

second derivative test for rector-to-scalar

functions is more complicated

Why do
we care ? Convex functions play nice

with

gradient descent
: no "traps"
(local minima

that aren't

global minimal


