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Machine Learning Problems
" J—
= Have a bunch of iid data of the form:
{(zi,y) iz ;€ RY y; € R

= Learning a model’s parameters: Zei(w)

Each /;(w) is convex. —
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Machine Learning Problems
"

= Have a bunch of iid data of the form:
{(zi,9i) Fieq T4 € R y; € R

= Learning a model’s parameters:
: l;
Each /;(w) is convex. Z (w)

1=1
Y
g is a subgradient at x if
- fly) > f(x) + 9" (y — z)
f convex:

fly) > f(@)+ V@) (y— ) Va,y
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Machine Learning Problems
*

= Have a bunch of iid data of the form:

{(mi, i) Fiea Ti € R y; € R

= Learning a model’s parameters:
: Ci(w
Each /;(w) is convex. Z i(w)
Logistic Loss: £;(w) = log(1 + exp(—y; z} w

Squared error Loss: £;(w) = (y; — zl w)?
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Least squares
" J—

= Have a bunch of iid data of the form:
{(zi,9i) Fieq T4 € R y; € R

Learning a model’s ters:
ing parameters Z&(w)

Each /;(w) is convex.
Squared error Loss: £;(w) = (y; — z} w)?

How does software solve: % HXUJ — Y‘ ‘g
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Least squares
" J———

= Have a bunch of iid data of the form:
{(zi,9i) Fieq T4 € R y; € R

Learning a model’s parameters: -
: l;
Each /;(w) is convex. 7,—21 (w)

Squared error Loss: £;(w) = (y; — z} w)?

How does software solve: % HXUJ — Y‘ ‘g

Do you need high precision?

...Its Compllcated: Is X column/row sparse?

(LAPACK, BLAS, MKL...) Is wy,g sparse?

Is XTX “well-conditioned”?
Can XTX fit in cache/memory?
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Taylor Series Approximation
"
= Taylor series in one dimension:

F@t8) = f@) + f/(@)d + 5" ()8 + ...

» Gradient descent:

Xpors 2 Xpta — §/(7°’4>y
£ly) 2 Fir= (3"3@ < F(x)
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Taylor Series Approximation
"

= Taylor series in d dimensions:

fl@+v) = f(@)+ V@) T+ 50
» Gradient descent:
':Zo :O, LL:'O )ljwa//
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Gradient Descent  f(w) = 2||Xw — y||5
" A
w1 = wy — NV f(wy)
Vf(w) =

W1 = Wt — an(wt) Wy = (XTX)_lXTy
W41 — Wx =
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: 1 2
— = | Xw —
Gradient Descent i(w) 5 || Xw yl!}
"
w1 = wy — NV f(wy)
Viw)= X" Xw-y) =X"Xw - X'y

©Kevin Jamieson 2018



Gradient Descent  f(w) = 2||Xw — y]|5
" J—
|
w1 = wy — NV f(wy)
(W1 — ws) = (I — nXTX)(wy — w,) = (T2 ¥ (T-7%T) (e ~1%)

—

7 oL
—{(I nX*X)"" (wo wi)/

o [0 0 _[1077? 10 _ (‘g
Example: X—[ 0 1] y—{ 1 ] wo—[()] Wy = [4

=1
([ 53-2]g 51) ()

RN
(ueﬂ“l»/w)[o = (l—-’ilob> (oo ~y) Lo]
é hY
er <~ Llj -"-(l"”z>.ﬂ ‘r \L[]

©Kevin Jamieson 2 018 50



Taylor Series Approximation
"

= Taylor series in one dimension:
flz+6) = f(z)+ f(x)0 + 5" (2)8° +

= Newton’s method:
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Taylor Series Approximation
"

= Taylor series in d dimensions:

fle+v)=f@)+ V(@) v+ 30"V (z)v+...

= Newton’s method:
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Newton’s Method  f(w) = || Xw — y||5
“ JEEE—
Vf(w) =
Vi f(w) =
v is solution to : V2 f(w;)v; = —V f (wy)

W41 = W + NU¢
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Newton’s Method  f(w) = || Xw — y||5
" JEE
Viw) = X"(Xw —y)
Vif(w) = XX
v is solution to : V2 f(w;)v; = —V f (wy)

W41 = W + NU¢

For quadratics, Newton’s method converges in one step! (Not a surprise, why?)

w1 = wo — N(XTX) X (Xwg — y) = w,
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General case
" A

In general for Newton’s method to achieve f(w;) — f(wy) < e

So why are ML problems overwhelmingly solved
by gradient methods?

Hint: v, is solution to : V2 f(w;)v, = —V f(w;)
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General Convex case [(w:) — f(ws) <e
" A
Newton’s method:

t ~ log(log(1/¢))
Gradient descent:
cean | fis smooth and strongly convex: al < V?f(w) < bl

converge
nice
proofs:
Bubeck

. fis smooth: V?f(w) < bl

- fis potentially non-differentiable: ||V f(w)||]2 < c

Nocedal

EV\QLQCT’ Other: BFGS, Heavy-ball, BCD, SVRG, ADAM, Adagrad, ...
u
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Revisiting...

Logistic Regression
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Loss function: Conditional Likelihood
"

n

= Have a bunch of iid data of the form: {(:lfz,yz) i=1 T E]Rd, vy, € {—1,1}

n
~ B B 1
WMLE = algmax H P(yi|zi, w) P = ylz,w) = 1+ exp(—yw'x)
Zn_l = O’C!:(WTDC )
f(w) = arg mui]nz log(1 + exp(—y; z; w))
i=1

/1

Vf(w) p— i Vluj(f—f QX/(“!;'X‘;TQ,,))>

=7
T,
L =
w
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| +exp (~4:.x10)
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