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Overview

e Review of maximum margin structured labeling.

e Theoretical justifications (or lack thereof).

e Consistency.



Decoding

We wish to “decode” or “interpret” a code x as a signal y.

Decoding:

fu(z) = argmax w! ®(z, y)
y
Examples:

e  might be a pair of images and y a stereo depth map.
e = might be a sentence and y a parse tree (or logical form).

e r might be a database and y a set of inferred statements.



Graph Example

Take x to be a directed graph with labeled edges and take y to be a labeling
of the nodes of x.

For example x might be a web site and y a labeling of each page as “pro-
fessor”, “student”, “project” or “other”.

L
Define a “feature” to be an arc L1 = L3 where Ly and Ls are node labels,

L5 is an arc label and I represents an unspecified arc in the graph with
label Lo. Note that if there are L. possible edge labels and L,, node labels
then there are L.L? features.

d(x,y) assigns a count to each feature.
w assigns a weight to each feature.

fw(z) can be computed with the junction tree algorithm or approximated
with loopy BP.



Training

We can consider different top level objectives in selecting w.

w” = argmin E<x7y>ND d(y, fu(z))]

w* = argimn E{x,y>~D log Plyle.w)
1
Plyle.w) = Z— expluT0(a,y)

(1) seems to reflect what actually matters in many applications.

(2) is convex and therefore possibly easier to optimize.

We focus on (1).



Maximum Margin Training

Taskar Guestrin and Koller proposed the following M? hinge loss:

w = argminz max (H(yi, 9) — m(zi, yi, g w)) . + AJwl| |

H(y,1) is the Hamming distance between y and y’.

AN

m(x,y, ¥, w) is the margin w! ®(x,y) — w! d(x, )



Computing w* Efficiently

minimize a + A||wl|?

subject to a > Z mygm(H(yz', y) —m(z;, yiaﬁaw>>+

The constraint

a > mgax (H(yi,y) — m(z;, y;, g, w))

can be represented by a linear program encoding the junction tree algo-
rithm.

_|_



The Linear Program
We want to represent:

a > my@X (H(yi, Q) — m<37i7 Yis ga w)>+

or equivalently:

>0, o>max H(y,y) —m(zi,y,y,w)
Y

For a tree the second inequality can be represented as follows.

Qn. [ — ][L 7é yz(”)] + Z QXn,Ly,m
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Hinge Loss Alternatives

Multiclass Hinge Loss (Collins):

*

w* = argmin max (1 —m(zi, yi, 9, w)), + M|w||? (3)
w . Y7Yi

Altun and Hoffman Hinge Loss:
w* = argminz max d(yi, ) (1 — m(zi, yi, 9, w)), + A|Jw|]* (4)

M? Hinge Loss (Taskar Guestrin and Koller):

w* = argminz max (H (i, yi,9) — m(zi, yi, G, w)) . + A|Jw|[* (5)

These all generalize binary hinge loss.



Theorem 1

Parameters ¢, r, and s are defined by ®(z,y) € R, |Y(z)] < r, and
12(z,y)[| < s.

In the structured case r is exponentially larger than s.

Theorem 1:
2 2]n ( I +ln(m)
Low, §) folr |28l (i) +1n (5
<
L(Q(U)), D) — m + m +\ (m_1>
Li(w,S) = > max d(y, gL, fulws), gyw) < 1

1=1



PAC-Bayesian Proof

Theorem:

L. 5) ol | 201 ) + 10 ()
m m \ (m — 1)

L(Q(w), D) <

This is derived from the PAC-Bayesian Theorem: For any data distribution
D and loss function L with values in [0, 1] with probability 1 — § over the
choice of an IID sample S of m pairs we have

KL(Q,P)+InZ
2(m — 1)

L(Q, D) < L(Q,S) + \/



Theorem 2

I g 2 ||w\|21n 2£m2 +ln(m>
LQM). p) < Zr S vl “\ 2(<m_>1) 5
Lu(w,8) =) ax d(y;, 9)Im(zs, fu(wi), §,w) < Hzi, fulz:), 9)
1=1

H(‘Q:ayv:&) - H(I)(CC,y) o (I)<x73))”1



mL(Q

(w)

Y

D) < ngx d(yi, y)I|lm
1=1

Camparing the Two Theorems

(i, fu(zi), 7,

Im(x;, fulx;), 9,

< ZH’I&X d y@, [ (xzpfw<xi>7§7w> <

g(|[2swl|*) < f(][w]]*)

w) < 1]+ f(|[w][*)

w) < H(wi, ful@i),

7)1+ g(lJwl]?)

H(xi, fulxi), )

28



Simplifying the Regularization

w* = argmin ngx d(ys, 9)I[m(xi, fulz:), g, w) < H(x;, fo(2:),9)] + Aw]|’
w i=1

= argmin ngax d(yz, :&) (H(ZCZ,fw<CU@>,?)) _m<xi7fw<$i>7ﬁ7w>>+ + )\HUJHQ
v i=1

Compare to M3 hinge loss:

w

w* = argmin ngix (H(z,yi,9) — m(zi, yi, G, w)) .+ AlJw]]?
1

(2)" = I[z = 0]
(), = max(0, )



Convexity

The generalization bound suggests the following convex hinge loss.

m
’U}* — al‘gmifl ngax d(yi7 ﬁ) (H(xuyw:&) _ m<xi7yi73;7w>>—|— + )\HwHQ

w i=1



Consistency

Consider the top level goal:
d* = inf cal E(w)
E(w) = By oy pldly, ful@))]

Let A be an algorithm taking as input a sample .S and producing a weight
vector as output.

Let S be an infinite sample and let S,,, be the first m elements of .S.

[ will call algorithm A is consistent if £(A(S,,)) — d* (the sequence ap-
proaches d* in probability).



Consistency of the Generalization Bound

There exists a regularization schedule A, under which the following gener-
alization bound algorithm is consistent:

w' = argmin Y max dly, §) (H(zi fulw).§) = mlai, fu(e) g.0)" + Anlwl?
w i=1



Inconsistency of Multiclass Hinge Loss

Consider the case where all x values are the same and there is an indepen-
dent weight for each 7.

The multiclass margin m; can now be written as follows.

m; — w; — MaxXw;
J7i

In the limit of infinite training data we have the following.

w” = argmin Zpi (1 —my), (6)

Assume p; < 1/2 forall 7.
In this case one can show that w™* is uniform — all weights are the same.

For example, if we increase the weight of the most likely label then we
increase the margin for that label but decrease the margin of every other
label by the same amount.



Kernels and Semi-Supervised Learning

In some applications = may be contain vectorial data. Consider speech
recognition or sequential character recognition.

In this case we take ®;(x,y) to be a vector.

wTCID(a:,y) = Fy(z,y) = Z f(®i(z,y))

fr= arg]{nin > max (H (9, ye) — ml, ye, 9, f)) + AP
t
m(x, Yy, 4) = Fr(w,y:) — Fr(x,9)

Here f in an RKHS defined by a kernel on the vectors ®;(x, y).

In semi-supervised learning we can use unlabeled data to construct a graph
kernel (Altun and McAllester 05).



Summary

e The most effective choice of hinge loss remains unclear.

e There is a fundamental conflict between consistency and convexity.



