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Introduction
✦ We build a classifier that assists doctors in de-

tecting Coronary Heart Disease from the mo-
tion of 16 left ventricle segments in ultrasound 
video

✦ Conditional Random Fields (CRFs) are used to 
model correlations between segments

✦ Our new Group-L1 regularized optimization al-
gorithm lets us simultaneously learn the pa-
rameters and structure of CRFs

Conditional Random Fields

✦ Discriminative classifier modeling local and 
pairwise potentials of labels Y given data X

✦ We use untied parameters, and condition on 
both local and global features
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L1-Regularization for 
Structure Learning
✦ We want to learn the 

graph structure of the 
CRF labels

✦ L1 Regularization of 
edge parameters during 
learning leads to sparsity

✦ However, each edge has multiple parameters so 
we must consider Group-L1 Regularization 
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Group-L1 Regularization
✦ We place an L2 Regularizer on the node pa-

rameters and a Group-L1 Regularizer on the 
edge parameters

✦ If we use p=2 or p=∞, this leads to group 
sparsity (edges are removed)
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Efficient Optimization
✦ No existing Group-L1 method satisfies all of 

the following: 
★ (1) they handle a large number of variables
★ (2) they handle a large number of groups
★ (3) they have fast convergence

✦ We use a novel Projected Gradient method 
that satisfies all 3 of these properties

✦ We use the Spectral Projected Gradient 
method to achieve fast convergence, which 
uses non-monotone iterations and the Barzilai-
Borwein scaling 

✦ We formulate as a constrained optimization by 
introducing extra variables that bound the p-
norms of the individual groups

✦ This formulation lets us handle a large number 
of variables and groups, since the projection 
separates into a simple optimization for each 
group.  Below are the ∞-norm 2D cases:

p(y|x) =
1

Z(x)

∏

i

φi(yi,x)
∏

<ij>

φij(yi, yj ,x)

p(y|x) =
1

Z(x)

∏

i

exp(wi(yi)T xi)
∏

<ij>

exp(vi,j(yi, yj)T xi,j)

p(y|x) =
1

Z(x)

∏

i

ewi(yi)
T xi

∏

<ij>

evi,j(yi,yj)
T xi,j

p(y|x) =
1

Z(x)
exp(

∑

i

wi(yi)T xi +
∑

<ij>

vi,j(yi, yj)T xi,j)

φi(s,x) = exp(vT
i,sxi)

min
w,v

− log p(y|x) + λ2||w||22 + λ1

∑

g

||vg||p

min
w,v

− log p(y|x) + λ2||w||22 + λ1

∑

g

αg

s.t. ∀gαg ≥ ||wg||p

xk+1 := [xk − β∇f(x)]+

β =
(xk − xk−1)T (xk − xk−1)

(xk − xk−1)T (∇f(xk)−∇f(xk−1))

[x]+ := arg min
x∗

||x− x∗||2

s.t. x∗ ∈ C

1

p(y|x) =
1

Z(x)

∏

i

φi(yi,x)
∏

<ij>

φij(yi, yj ,x)

p(y|x) =
1

Z(x)

∏

i

exp(wi(yi)T xi)
∏

<ij>

exp(vi,j(yi, yj)T xi,j)

p(y|x) =
1

Z(x)

∏

i

ewi(yi)
T xi

∏

<ij>

evi,j(yi,yj)
T xi,j

p(y|x) =
1

Z(x)
exp(

∑

i

wi(yi)T xi +
∑

<ij>

vi,j(yi, yj)T xi,j)

φi(s,x) = exp(vT
i,sxi)

min
w,v

− log p(y|x) + λ2||w||22 + λ1

∑

g

||vg||p

min
w,v

− log p(y|x) + λ2||w||22 + λ1

∑

g

αg

s.t. ∀gαg ≥ ||wg||p

xk+1 := [xk − β∇f(x)]+

β =
(xk − xk−1)T (xk − xk−1)

(xk − xk−1)T (∇f(xk)−∇f(xk−1))

[x]+ := arg min
x∗

||x− x∗||2

s.t. x∗ ∈ C

1

p(y|x) =
1

Z(x)

∏

i

φi(yi,x)
∏

<ij>

φij(yi, yj ,x)

p(y|x) =
1

Z(x)

∏

i

exp(wi(yi)T xi)
∏

<ij>

exp(vi,j(yi, yj)T xi,j)

p(y|x) =
1

Z(x)

∏

i

ewi(yi)
T xi

∏

<ij>

evi,j(yi,yj)
T xi,j

p(y|x) =
1

Z(x)
exp(

∑

i

wi(yi)T xi +
∑

<ij>

vi,j(yi, yj)T xi,j)

φi(s,x) = exp(vT
i,sxi)

min
w,v

− log p(y|x) + λ2||w||22 + λ1

∑

g

||vg||p

min
w,v

− log p(y|x) + λ2||w||22 + λ1

∑

g

αg

s.t. ∀gαg ≥ ||wg||p

xk+1 := [xk − β∇f(x)]+

β =
(xk − xk−1)T (xk − xk−1)

(xk − xk−1)T (∇f(xk)−∇f(xk−1))

[x]+ := arg min
x∗

||x− x∗||2

s.t. x∗ ∈ C

1

p(y|x) =
1

Z(x)

∏

i

φi(yi,x)
∏

<ij>

φij(yi, yj ,x)

p(y|x) =
1

Z(x)

∏

i

exp(wi(yi)T xi)
∏

<ij>

exp(vi,j(yi, yj)T xi,j)

p(y|x) =
1

Z(x)

∏

i

ewi(yi)
T xi

∏

<ij>

evi,j(yi,yj)
T xi,j

p(y|x) =
1

Z(x)
exp(

∑

i

wi(yi)T xi +
∑

<ij>

vi,j(yi, yj)T xi,j)

φi(s,x) = exp(vT
i,sxi)

min
w,v

− log p(y|x) + λ2||w||22 + λ1

∑

g

||vg||p

min
w,v

− log p(y|x) + λ2||w||22 + λ1

∑

g

αg

s.t. ∀gαg ≥ ||wg||p

xk+1 := [xk − β∇f(x)]+

β =
(xk − xk−1)T (xk − xk−1)

(xk − xk−1)T (∇f(xk)−∇f(xk−1))

[x]+ := arg min
x∗

||x− x∗||2

s.t. x∗ ∈ C

10

0

0

0

Results
✦ Comparison of structure learning methods for 

10-node synthetic CRF:

✦ Comparison of structure learning methods for 
detecting heart motion abnormality:

Conclusion
✦ Cyclic generative models outperformed acyc-

lic models
✦ Generative models were not better than the 

fixed ‘Full’ structure
✦ Discriminatively learned structure with appro-

priate Group-L1 regularization outperformed 
generative and fixed structures
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