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Reminders

* Midterm Exam
— Thu, Oct. 17 at 6:30pm - 8:00pm
* Homework 3: Structured SVM

— Out: Fri, Oct. 18
— Due: Fri, Nov. 1 at 11:59pm




aka. Max-Margin Markov Networks (M3Ns)

STRUCTURED SVM



Structured SVM

Whiteboard
— Warmup: Binary SVM
— Warmup: Binary SVM Hinge Loss
— Structured Large Margin
— Structured Hinge Loss
— Gradient of Structured Hinge Loss
— SGD for Structured SVM
— Loss Augmented MAP Inference
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Max vs “Soft-Max” Margin | &*

= SVMs:
min k1wl 2= (w () — max (wTE(y) + 4()) )
{ — _
—~
Hard (Penalized) Margin
= Maxent
min  kljw|[2-Y" (wai(yU —log >~ exp (waZ-(y))>
i y
N— —— 7
Soft Margin

= Very similar! Both try to make the true score
better than a function of the other scores.

* The SVM tries to beat the augmented runner-up
= The maxent classifier tries to beat the “soft-max”

Slide from Klein & Taskar (ACL 2005 Tutorial)
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Hinge Loss &

» Consider the per-instance SVM objective:

min k||wl||2=>" (wai(yi) — max [waZ-(y) + ﬁi(y)D

()

= This is called the “"hinge loss”
= Upper bounds zero-one loss

= Unlike maxent / log loss, you
stop gaining objective once the
true label wins by enough

= You can start from here and

derive the SVM objective w ! f:(y") — maxw ' £;(y)
y#Ey!

Slide from Klein & Taskar (ACL 2005 Tutorial)
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Slide from Guestrin, 10-701, 2005

___Max SConditionaI) Likelihood
(o )

x! t(x1)
Estimation Classification

X" (x")
N ma><|m|zeW
log Pw (t(x) | x) arg max ﬂw)
f(x,y) xgp y-

log Pw(y | x) = WTf(XaY> — 109 Zw(x)

Don't need to learn entire distribution!
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Results: Handwriting Recognition

O raw B quadratic O cubic
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Models:
Multiclass-SVMs*
CRFs
M3 nets

error reduction over linear CRFs
error reduction over multiclass SVMs
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Results: Hypertext Classification

e \WebKB dataset

Four CS department websites:
Classify each page:
Train on three universities/test on fourth

Inference: loopy belief propagation

Learning: relaxed dual 20 - l better
I\ 15 -
|
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error reduction over SVMs
4\ error reduction over RMNs

A
© Eric Xing @ CMU, 2005-2015 [JSVMs @ RMNS [ M~ 3Ns

*Taskar et al 02

14



Slide from Guestrin, 10-701, 2005

Named Entity Recognition

= Locate and classify named entities in sentences:
= 4 categories: organization, person, location, misc.
= e.g. "U.N. official Richard Butler heads for Baghdad”.

= CoNLL 03 data set (200K words train, 50K words test)

y. = org/per/loc/misc/none

f(y, x) = [...,
I(y;=org, x;="U.N.”),
I(y,=per, x.=capitalized),
I(y;=loc, x;=known city),

]
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O MA3N Linear

B MA3N Quad;;



Slide from Guestrin, 10-701, 2005

Associative Markov networks
" A

P(y | x) o chz'(yz',xz') [1 66 (i, v, xi5) = exp{w ' f(x,y)}

{ 17

f'A
“ Point features Edge features '
spin-images, point height length of edge, edge orientation
. ¢i;(1,1)
“associative” ) 1 | Lows

restriction i (¥ir ¥j) = ¢ij(k, k) > 1
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Slide from Guestrin, 10-701, 2005

Max- marﬂm AMNSs results

Voted-SVM AMN

Label: ground, building, tree, shrub
Training: 30 thousand points  Testing: 3 million points
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Slide from Guestrin, 10-701, 2005

i Seﬁmentation results

Hand labeled 180K test points

Model | Accuracy

SVM 68%

V-SVM /3%

M3N 93%




