Note to other teachers and users of these slides: We would be delighted if you found this our
material useful in giving your own lectures. Feel free to use these slides verbatim, or to modify
them to fit your own needs. If you make use of a significant portion of these slides in your own
lecture, please include this message, or a link to our web site:

Large-Scale Machine
Learning: SVM
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New Topic: Machine Learning!




Supervised Learning
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More generally: Supervised Learning

&
* $ %
& (
(
| |
()
* | &

* (

6 +$ %

o] * " *



Supervised Learning
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Supervised Learning
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+1 if wl® x@) +w x@ + | wd xd)3 g
-1 otherwise
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Note that the Perceptron is
a conservative algorithm: it
ignores samples that it
classifies correctly.
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The reason we define margin this way is due to theoretical convenience and existence of

generalization error bounds that depend on the value of margin.
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= |(x A(l) — XM(l)) w@ + (X A(Z) — XM(Z)) W(2)|
= X A(1) w@® + x A(2) W@ + b

=w A+D

Remember x,,Yw® + x,,w@ = - b
since M belongs to line L
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This is called SVM with “hard” constraints
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For each data point:
If margin 3 1, don’t care
If margin < 1, pay linear penalty
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argmin 5 w>xw+ C x max{O,l- Y. (Wxx: + b}
W,b M v f |:1\ ~ _J
argin
! . Empirical loss L (how well we fit training data)
Regularization

parameter

6?7 10 C 2
. 2 "
2 min 3w +C X
= st i,y wxx +b)3 1- x
0/1 loss

Hinge loss: max{0, 1-z}
- * z=yo(xowtb)
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Iterate until convergence:

e Forj=1...d )
¢ Evaluate: Nf (1) — ﬂf (W’ b) — VV(J) _|_C 1-“—(XI ’yl)
« Update: Tt o

WO w0 - hNfO

h...learning rate parameter
( C... regularization parameter
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We just had:
1 Je Qif (1) = \afD) " IL(%, )
Nf 3 =w +C .
# W
B * |

* I

<710) _ i) T”—(wal)
Nf * (X|)_W(J +C X ﬂVV(j) *~_Notice: no summation

) over i anymore

Iterate until convergence:
e Fori=1...n
e Forj=1...d
e Compute: NfO(x)
 Update: wO— w0 - h NfO(x.)
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Training time Value of f(w,b) Teste rror
Standard SVM
“Fast SVM”
SGD SVM

(1) SGD-SVM is successful at minimizing the value of f(w,b)
(2) SGD-SVM is super fast
(3) SGD-SVM test set error is comparable
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SGD SVM

Conventional
SVM

Optimization quality: | f(w,b) — f (w ©Pt pOprt) |

For optimizing f(w,b) within reasonable quality
SGD-SVM is super fast
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Bottom line: Doing a simple (but fast) SGD update
many times is better than doing a complicated (but
slow) CG update a few times
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Theory says: Gradient

descent converges in

linear time 5. Conjugate
gradient converges in v/5.
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% 6 Two step update procedure:

(1)W—| w- HC T“_()ﬂ ’ yl)
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2) w= w(l- h)
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