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Contributions

•Unifying view of Conditional Random Fields and Structured SVM.

•Generalized loss `β(w, x, y).

• Improved accuracy of the novel loss.

Graphical model and factor templates

•Discrete output variables y ∈ Y and input variables
x ∈ X .

•Factor graph structure and parameterization of the
factors assumed to be given.

• Several factors can share the same parameter.

Regularized empirical risk minimization

•For given data set D = {(x(n), y(n))}Nn=1 and loss `(w, x(n), y(n))

L`(w,D,C ) =
N∑
n=1

`(w, x(n), y(n)) +
C

2
‖w‖2

2,

•Choose parameter with smallest regularized empirical risk

ŵ = argmin
w
L`(w,D,C )

Conditional Random Field vs. Structured SVM

• Structured SVM ↔ max-margin loss:

`MM(w, x, y) = −〈w,φ(x, y)〉 + max
y′∈Y

[〈w,φ(x, y′)〉 + ∆(y′, y)] .

•Conditional Random Field ↔ log-likelihood loss:

`LL(w, x, y) = −〈w,φ(x, y)〉 + log Z (x,w),

with the partition sum

Z (x,w) =
∑
y′∈Y

exp(〈w,φ(x, y′)〉).

• Inference: both generally intractable. Max can be simpler (submodularity).

•Optimization: both convex. Max-margin non-differentiable.

Inverse temperature β

Introduce an inverse temperature β into the CRF

Pβ(y|x,w) =
1

Zβ(x,w)
exp (β〈w,φ(x, y)〉) .

In itself only changes the regularizer parameter C .

Margin term ∆(y′, y)

Define posterior over outputs (large → “bad output”)

Pβ(y′|y) =
1

Zβ(y)
exp(β∆(y′, y)).

Here ∆(y′, y) specifies the cost of predicting y′ instead of y:

∆(y′, y) =

{
0 if y′ = y

≥ 0 otherwise.

Example of a joint featuremap φ(x, y): Ising model

• yi ∈ {0, 1} and xi ∈ {0, 1}.
•Energy given by

E (y, x,w) = −
∑
i∈V

w u(|yi − xi|)−
∑

(i ,j)∈E

w p(|yi − yj|)

•Parameters wu = [0, a]T and wp = [0, b]T.

• Introduce (δc(z), 1 if z = c , 0 otherwise):

φ(x, y) =

[ ∑
i∈V δ1(|yi − xi|)∑

(i ,j)∈E δ1(|yi − yj|)

]
, w =

[
a
b

]
.

•Energy of a configuration: E (y, x,w) = −〈w,φ(x, y)〉

Softmax loss `β

•Combination
Pβ(y′|y, x,w) ∝ Pβ(y′|x,w)Pβ(y′|y).

•Ensuring normalization

Pβ(y′|y, x,w) =
1

Zβ(y, x,w)
exp
(
β
〈
w,φ(x, y′)

〉
+ β∆(y′, y)

)
.

•Rescaling by 1/β and taking the logarithm:

`β(w, x, y) = −
〈
w,φ(x, y)

〉
+

1

β
log
∑
y′∈Y

exp
(
β
〈
w,φ(x, y′)

〉
+ β∆(y′, y)

)
.

Connections

• SSVM: β →∞.

•CRF: small β and small C .

•Also applies to hidden variables.

•Pβ(y′|y, x,w): loss dependent.

• Inaccurate probability estimates.

•Possibly better classification accuracy.
210−1−2

1

〈w,φ(x, y)〉

`

max-margin
log-loss
∆ = 1, β = 1
∆ = 0, β = 3
∆ = 1, β = 4

Special case: binary classification

Dual view

The dual minimization problem is given by

min
u

1

2C
uTAu− bTu +

1

β

N∑
n=1

∑
y∈Y

un,y log un,y

s.t. un,y ≥ 0 and
∑
y∈Y

un,y = 1 ∀y, n.

A is given by A(n1,y),(n2,y′) = 〈gn1,y, gn2,y′〉. With

gn,y = φ(x(n), y(n))− φ(x(n), y) and bn,y = ∆(y, y(n)).

N · |Y| dual variables are required. Primal and dual variables related by

w =
1

C

N∑
n=1

∑
y∈Y

un,ygn,y.

Synthetic multiclass experiment

Three datasets to emphasize
differences between the losses.
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β ∆(y ′, y) Synth1 Synth2 Synth3
1 no 41.0± 0.4 25.8± 0.2 43.9± 0.2
5 yes 44.0± 0.1 24.2± 0.1 42.0± 0.2

106 yes 44.0± 0.1 24.2± 0.1 43.7± 0.7

OCR experiment
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