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SSL with Graphs: Laplacian SVMs

f ? = arg min
f ∈HK

nl∑
i

max (0, 1− yf (x)) + γ1‖f ‖2K + γ2fTLf

HK is nice and expressive.

Can there be a problem with certain HK?
We look for f only in HK.
If it is simple (e.g., linear) minimization of fTLf can perform
badly.

Consider again this 2D data and linear K.
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SSL with Graphs: Laplacian SVMs
Linear K ≡

functions with slope α1 and intercept α2.

min
α1,α2

nl∑
i

V (f , xi , yi) + γ1
[
α2
1 + α2

2

]
+ γ2fTLf

For this simple case we can write down fTLf explicitly.

fTLf =
1

2

∑
i,j

wij(f (xi)− f (xj))
2

=
1

2

∑
i,j

wij(α1(xi1 − xj1) + α2(xi2 − xj2))
2

=
α2
1

2

∑
i,j

wij(xi1 − xj1)
2

︸ ︷︷ ︸
∆=218.351

+
α2
2

2

∑
i,j

wij(xi2 − xj2)
2

︸ ︷︷ ︸
∆=218.351
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SSL with Graphs: Laplacian SVMs
2D data and linear K objective

min
α1,α2

nl∑
i

V (f , xi , yi) +

(
γ1 +

γ2∆

2

)
[α2

1 + α2
2]

Setting γ =
(
γ1 +

γ2∆
2

)
:

min
α1,α2

nl∑
i

V (f , xi , yi) + γ[α2
1 + α2

2]

What does this objective function correspond to? Linear SVM

The only influence of unlabeled data is through γ.

The same value of the objective as for supervised learning for
some γ without the unlabeled data! This is not good.
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SSL with Graphs: Laplacian SVMs

LSVM for 2D data and linear K only changes the slope

What would we like to see?

One solution: We use the unlabeled data before optimizing over HK!
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SSL with Graphs: Max-Margin Graph Cuts
Let’s take the confident data and use them as true!

f ? = min
f ∈HK

∑
i:|`?i |≥ε

V (f , xi , sgn(`?i )) + γ‖f ‖2K

s.t. `? = arg min
`∈RN

`T(L + γgI)`

s.t. `i = yi for all i = 1, . . . , nl

Wait, but this is what we did not like in self-training!

Will we get into the same trouble?

Representer theorem is still cool:

f ?(x) =
∑

i:
∣∣f ?i ∣∣≥ε

α?
i K(xi , x)
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