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Today we will look at:

1. Introduction to Structured Prediction
» Problem Statement
» Challenges
2. Some Background
» Conditional Random Fields (CRFs)
» Maximum Margin Markov Networks (M®N)
3. A recent approach
» Efficient Max-Margin Learning using Dual Decompositions
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What is Structured Prediction?
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> A special case of (multivariate) Regression/Classification,
i.e. given D = {(x, y)}; we want to learn

f:X—=Y

» For Structured Prediction each y is a structure
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Examples of Structures
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POS-Tagging:
Y: PRN VBP CD J) NNS PRT VB DT NN
X: | know 387420489 different ways to tag this sentence.

Semantic Parsing:

X: How many people live in Darmstadt?
Y: SELECT population
FROM cities
WHERE STRCMP(name, 'Darmstadt’)
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Examples of Structures

4 TECHNISCHE
UNIVERSITAT
DARMSTADT

Stereo Matching:
X:
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POS-Tagging:

Y: PRN VBP CD J) NNS PRT VB DT NN

X: | know 387420489 different ways to tag this sentence.

Two naive ways of applying standard classification:

1. learn a separate classifier for each part (word)

» bad performance
» fails to exploit the dependences

2. define one label for each possible structure

> infeasible, too many labels
» fails to exploit the independences

Structured Prediction is all about exploiting the structure!
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Conditional Random Fields
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» We need to model the (in)dependences in order to exploit them
» e.g. by using graphical models like CRFs:

¥2

yl y3

undirected graph
discriminative method

models p(y|x), disregards p(x)
Prediction by Inference

vV v v v

04 pel(X,
oy = 2P (22. 00 de(x,y))

@ @ Y exp (.00 delx,Y))
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Conditional Random Fields
Training
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CRFs can be trained by maximizing the conditional log likelihood
L= "> 6] ¢o(Xe,yc) — log Z(x)
N ¢

using the gradient

or N N N . ,.
30 = 2 0exe " ¥ =D > pyelx)delxe”, ye)
¢ x

=1 Ye

"empirical feature counts - expected feature counts”

= Inference needed in the training loop
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Conditional Random Fields
Inference
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v

We need p(yc|x) for the gradient and f(x) = arg max p(y|x) for prediction
y

v

Inference employs general algorithms for graphical models

Exact solutions (based on DP) only possible for simple models
(e.g. trees with small tree width)

» Belief Propagation

» Forward Backward

> Viterbi

» Junction Tree
Otherwise approximations are required

» Loopy Belief Propagation

» Mean Field Inference

» Alpha expansion

v

v
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Maximum Margin Markov Networks
Primal Problem
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» We are actually not so much interested in getting p(y|x) right.
» We want to get f(x) = arg max p(y|x) right!
y

= Instead of learning Oy, M3N learns Oy (MM = Maximum Margin)

N
min S0+ C &

xeD
s.t. VxeD,y 9TA¢X(V) > Al(y) — &
vxE’D gx > 0

Here At (y) = >, 1,,xx), defines the per-Label loss.
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Maximum Margin Markov Networks
Dual Problem
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max Zax VALY *HZO‘X ) Adx(y)][?
st Vy Zax =

Yxy ax(y) >0

» The good news: it's a quadratic program
» The bad news: one constraint for each possible output label
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Maximum Margin Markov Networks
Dual Problem
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max Zax VALY *HZO‘X ) Adx(y)][?
st Vy Zax =

Yy ax(y) >0

» The good news: it's a quadratic program
» The bad news: one constraint for each possible output label
Two key insights:
1. ax(y) are unnormalized distributions over y (the constraints tell us)
2. ax(y) will factorize exactly like the potential functions (the objective tells us)
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Maximum Margin Markov Networks
Key Insights
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Two key insights:

1. ax(y) are unnormalized distributions over y (the constraints tell us)

2. ax(y) will factorize exactly like the potential functions (the objective tells us)
= We don’t need to know the a-distributions, but just their marginals:

Eg Zx,y O[X(y)AZLX(y) = Z Z Atc Xc yc Z Z Zy, Hx yl Atx yl)
using the marginals (x(Ye) = >y . x(¥)

= By solving directly for 1, (yc) instead of ax(y) we need to solve for less
variables.
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Maximum Margin Markov Networks
Factored Dual
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max 33 Ak -5 33 Y D syl (Ve Bcx(ye) Adw(ye)

X iy xx’ cc’ Ve
st Vx D uxly)=C
i.yi
vc,x,yc Mx(yc) >0

c/
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Maximum Margin Markov Networks
Factored Dual
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max 33 Ak -5 33 Y D syl (Ve Bcx(ye) Adw(ye)

X Ly xx’cc’ Ye vy,
st Vx D uxly)=C
i.yi

Vexye #x(Ye) > 0
Unfortunately it's not that simple. We still need to ensure that the marginals are
consistent.

Assuming pairwise potentials, i.e. VoY = [Vo1, ¥e2] | and a tree, consistency can
be enforced by adding constraints

Ve Z,Mx(yc“yoz) = Mx(ycz)'

Yey
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Maximum Margin Markov Networks
Learning ¢
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Once, the dual variables have been computed, solving the primal problem is easy:

0= > v )2y y)

X (if) Vi
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Let's assume we don’t want to restrict ourselves to trees with pairwise potentials.
= Let’s look at hyperedges instead of edges:

e 1 vz. e 2 V3 ‘
0,
€3
o,
V@
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Dual Decompositions for Max Margin Learning
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Let’s define the potentials of our CRF/MRF on the hypergraph as follows:
> aunary potential for each node: u = {up}pcy
» a higher-order potential for each hyperedge: h = {hc}ccc

We want the potentials to be parameterized based on their features:

up (Vp|W) = W' ¢(yp, x¥)

hE(yelw) = wT pe(ye, x¥)

We can then denote the potential of training input k for Hypergraph G as:

Ea(u*(y*|w), h(y |w)) := Y us(y) + > hi(ys)
PEVk ceCy
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Dual Decompositions for Max Margin Learning
Max Margin
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Recall our primal objective

m“i,n R(w) + CZ &k
K

st Vy & > Eg(ui(y |w), h (y"|w)) — (Eg(u”(y|w), h*(y|w)) — A(y,y"))
Since we penalize ), &, the optimal values & satisfy
& = Ea(u”(y¥|w), h(y*|w)) — min (Eg(u”(y|w), h*(y|w)) — A(y,y"))

We will assume that the loss decomposes just like our potential.
Let a*(y|w) and hk(y|w) be the loss-augmented potentials. Then

& = Eg(0*(y¥|w), h*(y¥|w)) — min Eg(a*(y|w), ¥ (y|w)) = LK (w)

is a hinge loss.
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Dual Decompositions for Max Margin Learning
Unconstrainted Problem
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Substituting &5 in our primal objective we get an unconstrained optimization
problem:

min R(w +CZLK

= Max Margin Learning is regularized empirical loss minimization based on L’é(w).
Unfortunately, evaluating L’é(w) is NP-hard.

That's why we need dual decomposition.
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Dual Decompositions for Max Margin Learning
Dual Decomposition

TECHNISCHE
UNIVERSITAT
DARMSTADT

Idea:
» Decompose G into smaller sub-Hypergraphs G;
» Solve the slave problems (myin Eg,, myin Eg,, ...)

» Approximate the solution of the master problem (min Eg)
G should be decomposed such that ’
V=UV; and C = UiC;.
G; inherit higher-order potentials but have own unary potentials, i.e.

Eq,(u/(y|w), hy|w)) := > ub(yp) + Y Balye)

peY ceCy
The unary potentials should satisfy
Z U,i;(}’p) = Up(¥p)

i€T,
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Dual Decompositions for Max Margin Learning
Dual Decomposition
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We then attain a lower bound on the master problem:

> min Eg (u'(y), hy)) < min Eq(u(y), h(y))

Let’s choose the unary potentials such that the bound is as tight as possible:

DUAL(g)(u*,h*) = max " min Eg (u"/(y), P(y))

Uiy Y

St VPEV Z U;) = Dp
i€T,
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Dual Decompositions for Max Margin Learning
The Unconstrained Problem (Again)
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min R(w +CZLK

Li(w) = Eg(@(y¥|w), B (y¥|w)) — min Eg(@(y|w), A*(y|w))
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Dual Decompositions for Max Margin Learning
The Unconstrained Problem (Again)
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min R(w +CZLK

Li(w) = Eg(@(y¥|w), B (y¥|w)) — min Eg(@(y|w), A*(y|w))

~ Eg(0*(y*|w), R (y"|w)) — max > " min Eg (u"/(y), F*(y))

ukiicicn ; y
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Dual Decompositions for Max Margin Learning
The Unconstrained Problem (Again)
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min R(w +CZLK

Ly(w) = Eg(@*(y*|w), R (y*|w)) — min Eg(a"(y|w), A*(y|w))
~ Eg(0*(y*|w), R (y"|w)) — max > " min Eg (u"/(y), F*(y))

ukiicicn ; y

= min <Ee<uk(ykw>,ﬁk(yk|w>>—2min Ee,<uk"<y),hk(y)>
; y

Ui<i<n
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Dual Decompositions for Max Margin Learning
The Unconstrained Problem (Again)
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min R(w +CZLK

Ly(w) = Eg(@*(y*|w), R (y*|w)) — min Eg(a"(y|w), A*(y|w))
~ Eg(0*(y*|w), R (y"|w)) — max > " min Eg (u"/(y), F*(y))

ukiicicn ; y

= min <Ee<uk(ykw>,ﬁk(yk|w>>—2min Ee,<uk"<y),hk(y)>
; y

Ui<i<n

= min (EG,-<uk(yk|W),ﬁk(yk|w>> ~ min Eef<uk”(y),/'v“(y))

ui<i<n ;
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Dual Decompositions for Max Margin Learning
The Unconstrained Problem (Again)
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min R(w +CZLK

Li(w) = Eg(@(y¥|w), B (y¥|w)) — min Eg(@(y|w), A*(y|w))

~ Eg(0*(y*|w), R (y"|w)) — max > " min Eg (u"/(y), F*(y))

ukiicicn ; y

= min <Ee<uk(ykw>,ﬁk(yk|w>>—2min Ee,<uk"<y),hk(y)>
; y

Ui<i<n

= min Z(EG (y¥|w), h¥(y*|w)) — min EG,.(uk”(y),l_”/k(y))
uy<i<n ; y
= min LK (w, u’
u'1gngzl: G/( )
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Dual Decompositions for Max Margin Learning
Relaxed Problem
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min  RW)+CY_ > L& (w,u')
k i

w,ukd

s.t. vaV,k Z Ug’i = L_Jp
ipeV;
The min in Lg, is not differentiable, however the subgradient is easy

Vsu = min Eg,(u*'(y), F(y)) = V — Eq (u"'(9""), H(§*"))

We can now learn w and u®/ using their subgradients.
However, instead of updating u*’ directly, we make use of an auxiliary variable
/\k,r - uk,/ _ P
R

Such that the constraint maps to ¥ : 3.7 Ag” = 0.
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Dual Decompositions for Max Margin Learning
Subgradients
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The subgradients are given by:

'\kl

9 — Eg,(uk/(§), PH(9* ol
& aw Z & p Z(bc ycs

pPEV; ceC;

9 — Eg(u(y*), FEG ) ki
) Y

However we still need to enforce the constraint.
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Dual Decompositions for Max Margin Learning
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Projected Subgradient Descent
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After each update, A,';" has to be projected back to the convex, feasible set
ki ki
= {Apl Z)‘pl = O}
Tiez, X

i€Z,
Hence, after each update we have to subtract - The update then becomes
14

A () = Ag'() — e C (lyy = N =" = N) —

|Zp|
Sier Vi =N-1 =1
=Ag()afc<[yp-/] K= - EI””|IP| ? )
~ K, i
i Y’=I]
= AF(D) + o C ([“k'—ll—zeffz" )
79
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Dual Decompositions for Max Margin Learning
Choosing The Decompositions
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We have two requirements on the decomposition:
1. The slave problems should be tractable
2. We want a good bound on the loss function
Some notes:

> The dual relaxation with Gsingie (0Nne hyperedge per subgraph) corresponds to
the LP relaxation of the IP formulation

» For any decomposition better that Gsingie there will be one sub-hypergraph for
which the LP relaxation is not tight

> You can get better than Ggingie by including small loops

» different decompositions that yield the same loss may have different speeds of

convergence. E.g. for pairwise MRFs, Giee Will correspond to the same
relaxation as Ggingle but information can propagate faster.
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Dual Decompositions for Max Margin Learning
Experiments: Image Denoising
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Approach:
> A pairwise model is assumed
» Unary potentials are known: up(¢) = |¢ — I|
» Pairwise potentials should be Iearned hpg(p, £q) = V(|€p — £q))
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Dual Decompositions for Max Margin Learning
Experiments: Image Denoising
Learned V
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30 — -
|—pairwise potentiall
20t
10|
% 100 200

intensity difference
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Dual Decompositions for Max Margin Learning
Experiments: Image Denoising
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Performance
6 .
subgradient
—DLPW
Sy —our method
o
7]
2
[®)]
: 2
% 20 40 60
time (secs)
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Dual Decompositions for Max Margin Learning
Experiments: Stereo Matching
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Approach:
> A pairwise model is assumed
> Unary potentials are known: () = | /g" — /,g‘i“,}
> Pairwise potentials should be learned: hpq(£p, £q) = (| 15" — [")[€p # £4]

» A-priori knowledge that f should be decreasing is encoded using an additional
Projection on w
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Dual Decompositions for Max Margin Learning
Experiments: Stereo Matching
Learned V
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Dual Decompositions for Max Margin Learning
Experiments: Stereo Matching
Performance
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» simple model yields larger disparity errors on middlebury dataset than SOTA

gX 106
—decomp. G|Single

c

= —decomp. G |
225

=

(0]

=

g 2

o]

o

% 10 20 30
time (secs)
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Dual Decompositions for Max Margin Learning
Experiments: Knowledge Based Segmentation
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Approach:

» generates n control points on the boundary of the known object
pairwise cliques for the object boundaries
triplet-cliques to learn sparse, pose-invariant shape priors
one triplet-clique for each possible combination of three points
two inner angles a¢(yc) and S.(yc) as pose-invariant properties

vV V. v v Y

higher-order potentials are based on a probabilistic model
he(ye) = —welog pe(ae(Ye), Be(Ye))
L4 regularization to learn sparse w

v

» dissimilarity function A(y,y’) is also zero if y’ and y are connected by a
similarity transformation
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Dual Decompositions for Max Margin Learning
Experiments: Knowledge Based Segmentation
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Dual Decompositions for Max Margin Learning
Experiments: Knowledge Based Segmentation
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Dual Decompositions for Max Margin Learning
Experiments: Knowledge Based Segmentation
Performance
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Learned w has only 5.6 percent non-zero elements.
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We looked at

1. Conditional Random Fields

» model conditional distribution p(Y|X)

» require inference for training/prediction
2. Maximum Margin Markov Networks

» concentrate on the decision boundary
aim at maximizing the loss-augmented margin
training can get feasible by replacing the dual variables by marginals
specifying the constraints only feasible for simple potential/graph-structures
3. Efficient Max-Margin Learning with Dual Decompositions

» dual relaxation based on (almost) arbitrary graph decompositions

» loss function has to decompose over the graph

» How to decompose the graph?

v vy
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