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So far we saw

 What is structured output prediction?

* Different ways for modeling structured prediction

— Conditional random fields, factor graphs, constraints

 What we only occasionally touched upon:
— Algorithms for training and inference

 Viterbi (inference in sequences)
e Structured perceptron (training in general)



Rest of the semester

e Strategies for training
— Structural SVM
— Stochastic gradient descent
— More on local vs. global training

* Algorithms for inference
— Exact inference
— “Approximate” inference
— Formulating inference problems in general

* Latent/hidden variables, representations and such



Up next

e Structural Support Vector Machine
— How it naturally extends multiclass SVM

* Empirical Risk Minimization

— Or: how structural SVM and CRF are solving very similar
problems

* Training Structural SVM via stochastic gradient descent

— And some tricks



Where are we?

e Structural Support Vector Machine

— How it naturally extends multiclass SVM

* Empirical Risk Minimization

— Or: how structural SVM and CRF are solving very similar
problems

* Training Structural SVM via stochastic gradient descent
— And some tricks



Recall: Binary and Multiclass SVM

* Binary SVM
— Maximize margin
— Equivalently,

Minimize norm of weights such that the closest points to the hyperplane
have a score §1

e Multiclass SVM

— Each label has a different weight vector (like one-vs-all)
— Maximize multiclass margin

— Equivalently,

Minimize total norm of the weights such that the true label is scored at
least 1 more than the second best one



Multiclass SVM in the separable case

Recall hard binary SVM We have a data set D = {<x;, y>}

min %WTW
W

s.t.Vi, ywlx; >1



Multiclass SVM in the separable case

Size of the weights. We have a data set D = {<x;, y>}
Effectively, regularizer

1 T
min = Wi W
Wi1,W2," WK g ; k k
s.t. W;{ix — fo > 1 V(x;,yi) € D,

k€{1727"' 7K}7k7éY'i7

The score for the true label is higher
than the score for any other label by 1




Structural SVM: First attempt

Suppose we have some definition of a structure (a factor graph)

o And feature definitions for each factor (i.e. “part”) p as ®,(X,y,)
0(‘)6\\(\ ~ Remember: we can talk about the feature vector for the entire structure
W e Features sum over the parts

oY= ) by(xyy)

pEparts(x)

WY1, ¥ V3)
4




Structural SVM: First attempt

Suppose we have some definition of a structure (a factor graph)

o And feature definitions for each factor (i.e. “part”) p as ®,(X,y,)
0(‘)6\\(\ ~ Remember: we can talk about the feature vector for the entire structure
W e Features sum over the parts
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pEparts(x)

WY1, ¥ V3)
4

WTP(Xy, Xy, Y5)
We also have a data set D = {(x;,¥;)}
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Structural SVM: First attempt

Suppose we have some definition of a structure (a factor graph)
o And feature definitions for each factor (i.e. “part”) p as ®,(X,y,)
Remember: we can talk about the feature vector for the entire structure
e Features sum over the parts

Py = ) Dy(xyy)

pEparts(x)

We also have a data set D = {(x;,V;)}

What we want from training (following the multiclass idea)

For each training example (X;,y;) :
— The annotated structure y; gets the highest score among all structures
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Structural SVM: First attempt

Suppose we have some definition of a structure (a factor graph)
' And feature definitions for each factor (i.e. “part”) p as ®,(X,y,)
(‘)8\\(\ ~ Remember: we can talk about the feature vector for the entire structure

N\O
* Features sum over the parts
oy = ) @pxy,)
pEparts(x)

We also have a data set D = {(x;,V;)}

What we want from training (following the multiclass idea)

For each training example (X;,y;) :
— The annotated structure y; gets the highest score among all structures
— Orto be safe, y; gets a score that is at least one more than all other structures

Vy £y, W O(x,y) =w d(x;,y) + 1



Structural SVM: First attempt

Maximize margin

For every

S.t. Score for gold > Score for other 4+ ] o
— training example

structure structure
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Structural SVM: First attempt

Maximize margin

st wlo(x;,yi) > wlo(x;,y)+1 V(x;,y:) € D,Vy #y;

T

Input with gold Some other
Score for gold Score for other P 5
structure structure
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Structural SVM: First attempt

. 1. ... T . : .
min oW W <——— Maximize margin by minimizing norm of w
W

st wlo(x;,yi) > wlo(x;,y)+1 V(x;,y:) € D,Vy #y;

N

Input with gold Some other
Score for gold Score for other P 5
structure structure
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Structural SVM: First attempt

. 1., T . : .
min oW W <——— Maximize margin by minimizing norm of w
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Structural SVM: First attempt

. 1., T . : .
min oW W <——— Maximize margin by minimizing norm of w
W

st wlo(x;,yi) > wlo(x;,y)+1 V(x;,y:) € D,Vy #y;

N

Input with gold Some other
Score for gold Score for other P 5
structure structure

Problem

0 0O

Gold structure
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Structural SVM: First attempt

. 1., T . : .
min oW W <——— Maximize margin by minimizing norm of w
W

st wlo(x;,yi) > wlo(x;,y)+1 V(x;,y:) € D,Vy #y;

N

| ith gol S th
Score for gold Score for other nput with gold ome other
structure structure
Problem
Gold structure Other structure A: Only one mistake

O—@—20—@

Other structure B: Fully incorrect
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Structural SVM: First attempt

. 1., T . : .
min oW W <——— Maximize margin by minimizing norm of w

A%

S.t. ngb(xi,y,&-) > WT¢(Xz',Y) @ V(Xz’ay'&') € D,Vy #y;

|

I ith gol h
Score for gold Score for other nputwithizold Some other
structure structure
Problem
Gold structure Other structure A: Only one mistake

Structure B has is more wrong, but this
formulation will be happy if both A & B
are scored one less than gold! @_‘ @ ‘

No partial credit! Other structure B: Fully incorrect
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Structural SVM: Second attempt

. 1 T .. . .
min oW W <——— Maximize margin by minimizing norm of w
W

st wlo(x;,yi) > wlo(x;,y)+1 V(x;,y:) € D,Vy #y;

N

' ith gol S th
Score for gold Score for other nput with gold ome other

structure structure

min LwT'w

s.t. WT¢(X737 YZ) > WT¢(Xi7 Y) + A(Y) Yz) V(X’Myl) € D,Vy
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Structural SVM: Second attempt

. 1. ... T . : .
min oW W <——— Maximize margin by minimizing norm of w
W

st wlo(x;,yi) > wlo(x;,y) —I—l“ V(x;,yi) € D,Vy #yi

0
)
!
v
0
\
1
v
W
0
1
U
\
o
0
}
i

! Input with gold Some other
Score for gold Score for other P BT
\\Structure structure
min %WTW |
v |

st Wi o(xi,yi) > W o(xi,y) + Aly,yi) V(xi,yi) € D,Vy

Hamming distance between
structures: Counts the number of
differences between them 24



Structural SVM: Second attempt

min
W

1 T .. . .
oW W <——— Maximize margin by minimizing norm of w

st wlo(x;,yi) > wlo(x;,y)+1 V(xi,y:) € D,Vy #y;

N

min

S.t.

| ith oth
Score for gold Score for other NpUtwithigola Some gtner
lWTW

structure structure
2

who(xi,yi) > who(xi,y) + Aly,yi) V(xi,y:) € D,Vy

because the Hamming
distance of y and
itself is zero 25



Structural SVM: Second attempt

min %WTW
W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

Intuition

* |tis okay for a structure that is close (in Hamming sense) to the true one
to get a score that is close to the true structure

e Structures that are very different from the true structure should get much
lower scores
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Structural SVM: Second attempt

min %WTW <—— Maximize margin by minimizing norm of w
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Structural SVM: Second attempt

min %WTW <—— Maximize margin by minimizing norm of w

W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

|

Input with gold
structure

Intuition

* |tis okay for a structure that is close (in Hamming sense) to the true one
to get a score that is close to the true structure

e Structures that are very different from the true structure should get much
lower scores
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Structural SVM: Second attempt

min %WTW <—— Maximize margin by minimizing norm of w

W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

|

Input with gold

Score for gold structure

Intuition

* |tis okay for a structure that is close (in Hamming sense) to the true one
to get a score that is close to the true structure

e Structures that are very different from the true structure should get much
lower scores
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Structural SVM: Second attempt

min %WTW <—— Maximize margin by minimizing norm of w

W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

|

Input with gold

Score for gold Score for other
structure

Intuition

* |tis okay for a structure that is close (in Hamming sense) to the true one
to get a score that is close to the true structure

e Structures that are very different from the true structure should get much
lower scores
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Structural SVM: Second attempt

min %WTW <—— Maximize margin by minimizing norm of w

W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

|

Input with gold

Score for gold Score for other
structure

Hamming distance between structures.
Defined to be zero ify = y;

Intuition

* |tis okay for a structure that is close (in Hamming sense) to the true one
to get a score that is close to the true structure

e Structures that are very different from the true structure should get much
lower scores
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Structural SVM: Second attempt

min %WTW <—— Maximize margin by minimizing norm of w

W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

|

Input with gold  Another
structure structure,
could be y;

Score for gold Score for other

Hamming distance between structures.
Defined to be zero ify = y;

Intuition

* |tis okay for a structure that is close (in Hamming sense) to the true one
to get a score that is close to the true structure

e Structures that are very different from the true structure should get much
lower scores
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Structural SVM: Second attempt

min %WTW <—— Maximize margin by minimizing norm of w

W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

| |

Input with gold  Another
Score for gold Score for other structure structure,

could be y;

Hamming distance between structures.
Defined to be zero ify = y;

Problem?
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Structural SVM: Second attempt

min %WTW <—— Maximize margin by minimizing norm of w
W

S°t/-,'WT¢(xiaYi) > wlo(xi,y) + Ay, yi) V(xi,yi) € D,Vy

/
/
7

/

7 .
,' Score for gold Score for other Isrgfuucttl\:vrzh gold 3?82?5 rre,
: could be y;
l‘ Hamming distance between structures.

\ Defined to be zero ify = y;

\ Problem? What if the data is not separable?

¥ > What if these constraints are not satisfied for any w for a given dataset?
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Structural SVM: Third attempt

min %WTW <—— Maximize margin by minimizing norm of w

W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

-

Input with gold Al
Score for gold Score for other Hamming NPUE WIth £0
Slack variable for each

: structure structures
¢ distance
7 example, must be positive

min %w W
" |

s.t. wlho(xi,yi) > who(xi,y) + Ay, yi) —(,57:\) V(xi,yi) € D,Vy
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Structural SVM: Third attempt

min %WTW <—— Maximize margin by minimizing norm of w

W

st W (i, yi) > W (xi,y) + Aly,yi) V(xi,yi) € D,Vy

T

Input with gold  All
Score for gold Score for other Hamming NPUE WIth £0

: structure structures
¢ distance
Also minimize total slack \ Slack variable for each
. 1T I N~— 1 example, must be positive
min, SW'W -I—: C E & |
wi€ ! -
N/ S A _I

s.t. wlho(xg,y:) > who(x,y) + Aly,y:) —(Ifz'\) V(xi,yi) € D,Vy
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Structural SVM: Third attempt

w,§

min %WTW +C Z &

st wio(xi,yi) > who(xi,y) + A(y,yi) — & V(xi,yi) € D,Vy
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Structural SVM: Third attempt

min %WTW +C Z &;

w,§

st wio(xi,yi) > who(xi,y) + A(y,yi) — & V(xi,yi) € D,Vy

|

Input with gold
structure

Another
structure

For every labeled example, and every competing structure
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Structural SVM: Third attempt

min swliw +C Z &

w,§

st wio(xi,yi) > W o(xi,y) + A(y,yi) — & V(xi,yi) € D,Vy

| |

Hamming Input with gold

Score for gold _
distance structure

Score for other
Another

structure

For every labeled example, and every competing structure,
the score for the ground truth should be greater than the score for
the competing structure by the Hamming distance between them
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Structural SVM: Third attempt

min
w,§

%WTW + CZ&-

st wio(xi,yi) > W o(xi,y) + A(y,yi) — & V(xi,yi) € D,Vy

Score for gold

Score for other

|

Hamming
distance

|

Input with gold
structure

Slack variable for each

example

Slack variables allow some examples to be misclassified.

Another
structure
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Structural SVM: Third attempt

w,§

min swliw +C Z &

st wio(xi,yi) > who(xi,y) + A(y,yi) — & V(xi,yi) € D,Vy

& >0

Score for gold

Score for other

All slacks must be positive

|

Hamming
distance

Vi. l

Input with gold
structure

Slack variable for each

example

Slack variables allow some examples to be misclassified.

Another
structure
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Structural SVM: Third attempt

: il g7 . Maximize margin & minimize slack
Iv%l? 2 WIW + C Z g'& C: the tradeoff parameter
i

.t W p(xi, i) > W o(xi,y) + Ay, yi) — & V(xi,y:) € D,Vy
& >0 l Vi. l

Score for gold Hamming Input with gold
distance structure
Score for other
Another
' structure
All slacks must be positive Slack variable for each
example

Slack variables allow some examples to be misclassified.

Minimizing the slack forces this to happen as few times as possible
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Structural SVM: Third attempt

: il g7 . Maximize margin & minimize slack
Iv%l? 2 WIW + C Z g'& C: the tradeoff parameter
i

.t W p(xi, i) > W o(xi,y) + Ay, yi) — & V(xi,y:) € D,Vy
& >0 l Vi. l

Score for gold Hamming Input with gold
distance structure
Score for other
Another
' structure
All slacks must be positive Slack variable for each
example

Slack variables allow some examples to be misclassified.

Minimizing the slack forces this to happen as few times as possible

Questions? 43



Structural SVM

w,§

min %WTW +C Z £ <

Maximize margin, minimize slack
C: the tradeoff parameter

st wio(xi,yi) > who(xi,y) + A(y,yi) — & V(xi,yi) € D,Vy

§& >0 l

Hamming

Score for gold _
distance

Score for other

All slacks must be positive

Vi. l

Input with gold
structure

Slack variable for each
example

Another
structure
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Structural SVM

w,§

min %WTW +C Z £ <

Maximize margin, minimize slack
C: the tradeoff parameter

s.t. WT¢(X'&7Y’5) Z WT¢(Xi7Y) T A(Y7Y’L) T g’t V(X’HY'L) S D,Vy

& >0

Score for gold

Score for other

All slacks must be positive

|

Hamming
distance

example

Vi. l

Input with gold
structure

Slack variable for each

Another
structure

Equivalent formulation

v

min  jwiw+C ) max (w'g(xi,y) + AW, y:) = W' 6(xi, ¥s))
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St ru Ctu I'a I SVM Questions?
e C: the tradeoff parameter

. Maximize margin, minimize slack
min %WTW +C E £ < S
)

s.t. WT¢(X'&7Y’5) Z WT¢(Xi7Y) + A(Y7Y’L) o g’t V(X’HY'L) S D,Vy
& >0 l vi. l

Score for gold Hamming Input with gold
distance structure
Score for other
Another
Slack variable for each structure

All slacks must be positive

example
y
min  ;w'w +C > e (W' d(xi,y) + Ay, y:) — W' d(xi,¥4))
7
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Comments

Other slightly different formulations exist
— Generally same principle

* Multiclass is a special case of structure
— Structural SVM strictly generalizes multiclass SVM  Exercise: Work it out

* (Can be seen as minimizing structured version of hinge loss
— Remember empirical risk minimization?

* Learning as optimization
— We have framed the optimization problem

— We haven’t seen how it can be solved yet
* Thatis, we don’t have a learning algorithm yet
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Where are we?

e Structural Support Vector Machine
— How it naturally extends multiclass SVM

* Empirical Risk Minimization

— Or: how structural SVM and CRF are solving very similar
problems

* Training Structural SVM via stochastic gradient descent
— And some tricks

48



Broader picture: Learning as loss minimization

* Collect some annotated data. More is generally better

* Pick a hypothesis class (also called model)
— Decide how the score decomposes over the parts of the output

Choose a loss function
— Decide on how to penalize incorrect decisions

* Learning = minimize empirical risk + regularizer
— Typically an optimization procedure needed here

This must look familiar. We have seen this before for binary classification!
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Empirical risk minimization

Suppose the function Loss scores the quality of a prediction with
respect to the true structure
— Loss(f(x), y) tells us how good f is for this x by comparing it againsty

Evaluate the quality of the predictor f by averaging over the
unknown distribution P that generates data

— Expected risk: E[Loss(f(x),y)]

We don’t know P, so use the empirical risk — ZLOSS (f (%4), ¥4)
possibly with regularizer

Learning: Minimizing regularized risk; various algorithms exist
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The loss function zoo: binary classification

Zero-one
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The loss function zoo

Lizinge(y,%, w) = max(0,1 — yw’ x)
hN 2 T
Hinge: SVM Lperceptron(y, X, w) = max(0, —yw" x)
1 T
Exponential: AdaBoost LE:chT ential(y, X, W) =TIV ¥
Perceptron +

L~
g

og (1 +e=™")

—

T [/ L A W
LiLogistic\Y, X, W) =

Zero-one

Logistic regression

o)
w
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Structured classifiers: Different learning objectives

e Structural SVM

1
mmeTw + C E max(w' @ (x;,y) + Ay, y) — wid(x;, 1))
l

e Conditional Random Field (via the maximum a posteriori criterion)

1
minszW +C ) —logP(y; | X;, W)
W
Where P is defined as

exp(w' ®(x;,y;)

L
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Structured classifiers: Different learning objectives

e Structural SVM

1
mmeTW +C ) max(wd(x,y) + Ay, y:) —wi o (x;,y))
l

AN

Regularizer

e CRF \

1
minEWTW +C ) —logP(y; | X;, W)
W
Where P is defined as

exp(w' ®(x;,y;)

P(yilx,w) = 7(x;, W)
L
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Structured classifiers: Different learning objectives

e Structural SVM

1
mmeTw +C ) max(wTd(x;,y) + A(y,y;) — wl o (x;,¥,))
l

Regularizer How badly does w do on the training data
* CRF \
1 .
min- w'w +C ) —logP(y; | x;, W)
W

Where P is defined as
exp(w' ®(x;,y;)

P(yi | x;,w) = 7(x;, W)
L
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Structured classifiers: Different learning objectives

e Structural SVM Structured hinge loss

1
mmeTW + C max(wTCD(Xi, y) + Ay, y;) — wlp(x;, Yi))
w - y
l

AN

Regularizer How badly does w do on the training data
* CRF \
1 .
min- w'w +C ) —logP(y; | x;,w)
W

Where P is defined as
exp(W' ®(x;,y;)

L
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Structured classifiers: Different learning objectives

e Structural SVM

1
minEwTw +C ) max(wid(x,y) + Ay, y:) —wi o (x;,y))
l

Regularizer How badly does w do on the training data
* CRF \ Log loss
1
minEwTW +C ) |-log P(y; | X;, W)
W

Where P is defined as
exp(w' ®(x;,y;)

P(yi | x;,w) = 7(x;, W)
L
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Structured classifiers: Different learning objectives

e Structural SVM

1
mmeTw +C ) max(wid(x,y) + Ay, y:) —wi o (x;,y))
l

Regularizer How badly does w do on the training data
* CRF \
1 .
min- w'w +C ) —logP(y; | x;,w)
W

* Structured Perceptron

£ z m;lX(WTCD(Xi' y) —w p(x;,y:))
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Structured classifiers: Different learning objectives

e Structural SVM

1
mmeTw +C ) max(wd(x,y) + Ay, y:) — wi o (x;,y))
l

Regularizer How badly does w do on the training data
* CRF \
1 .
min- w'w +C ) —logP(y; | x;, W)
W

* Structured Perceptron

Structured Perceptron loss

minz: m}gx(wTCD(Xi, y) — w! p(x;, Yi))




Summary

e Different structured training objectives are really
different loss functions

* The structured versions of hinge, log and Perceptron
losses all involve inference
— Hinge, Perceptron: Solve a maximization problem

— Log: Solve an expectation problem

e Learning as stochastic optimization, even for structures

— But, computing the loss (and the gradient) can be expensive
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