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SSL with Graphs: Laplacian SVMs

ny
*= argmianaX (0,1 —yf (x)) +m + 72
feEH 7

Hic is nice and expressive.

Michal Valko — Graphs in Machine Learning



SSL with Graphs: Laplacian SVMs

ny
*= argmianax (0,1 —yf (x)) +m + 72
feHx 7
Hic is nice and expressive.
Can there be a problem with certain Hy?

Michal Valko — Graphs in Machine Learning



SSL with Graphs: Laplacian SVMs

ny
*= argmianax (0,1 —yf (x)) +m + 72
feHx 7
Hic is nice and expressive.
Can there be a problem with certain Hy?

We look for f only in Hy.

Michal Valko — Graphs in Machine Learning



SSL with Graphs: Laplacian SVMs

ny
*= argmianax (0,1 —yf (x)) +m + 72
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Hic is nice and expressive.
Can there be a problem with certain Hy?

We look for f only in Hy.

If it is simple (e.g., linear) minimization of f'Lf can perform
badly.
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SSL with Graphs: Laplacian SVMs

ny
*= argmianax (0,1 —yf (x)) +m + 72
feHx P
Hic is nice and expressive.
Can there be a problem with certain Hy?

We look for f only in H.
If it is simple (e.g., linear) minimization of f'Lf can perform

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

Linear KL = functions with slope «; and intercept as.
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SSL with Graphs: Laplacian SVMs

Linear KL = functions with slope «; and intercept as.
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For this simple case we can write down fTLf explicitly.
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SSL with Graphs: Laplacian SVMs

Linear KL = functions with slope «; and intercept as.
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For this simple case we can write down fTLf explicitly.

= 5 > wilf(x) — F(x))
ij
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SSL with Graphs: Laplacian SVMs

Linear KL = functions with slope «; and intercept as.

ny
min V(f,x;, i
1,00 Z ( J yl) u
For this simple case we can write down fTLf explicitly.

= 5 > wilf(x) — F(x))
ij

1
S > wijlan (xin — xj1) + az(xi2 — X)2))?
i
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SSL with Graphs: Laplacian SVMs

Linear KL = functions with slope «; and intercept as.

ny

min Z V(f,xi,yi) +

1,00

For this simple case we can write down fTLf explicitly.
1 2
= 5> wilf(x) = f(x)
i’j
1 2
= = Z Wij (0 (xj1 — Xj1) + aa(xj2 — Xj2))

al Z 2 Z )2
= WU Xj1 — le WU Xj2 — Xj2

A=218.351 A=218.351
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SSL with Graphs: Laplacian SVMs

2D data and linear K objective

1,02

ny
min Z V(f,xi,yi) +
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SSL with Graphs: Laplacian SVMs

2D data and linear K objective

1,02

ny
min Z V(f,xi,yi) +

Setting 7 = <71 + %):
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SSL with Graphs: Laplacian SVMs

2D data and linear K objective

ny
min Z V(f,xi,yi) +

Setting 7 = <71 + %):

ny
b Z V(f,xi,yi) +
1
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SSL with Graphs: Laplacian SVMs

2D data and linear K objective

ny
min Z V(f,xi,yi) +
Setting 7 = <,yl + %):

ny
OI}}’IOCHQZ V(f7xi7yi) —+
I

What does this objective function correspond to?
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SSL with Graphs: Laplacian SVMs

2D data and linear K objective

ny
min Z V(f,xi,yi) +
Setting 7 = <,yl + %):
ny
(gl,locng Z V(f7xi7yi) —+
I

What does this objective function correspond to?

The only influence of unlabeled data is through 7.
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SSL with Graphs: Laplacian SVMs

2D data and linear K objective

ny
min Z V(f,xi,yi) +

Q1,02
Setting 7 = (71 + %):
ny
(gl,loéng Z V(f7xf7yi) —+
I

What does this objective function correspond to?
The only influence of unlabeled data is through 7.

The same value of the objective as for supervised learning for
some v without the unlabeled data!
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SSL with Graphs: Laplacian SVMs

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

Linear MR
& Ao o

0 0 » 0 7 0 0 7 0
5 .10 5 10 5 -10 5 -10 5 -

v =25.000 y.=5.000 y.=1.000 v =0.200 4. =0.040
g g g 9 g
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SSL with Graphs: Laplacian SVMs

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

Linear MR
& Ao o
b Lo o

y.=5.000 y.=1.000 v =0.200
g g 9

What would we like to see?
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SSL with Graphs: Laplacian SVMs

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

Linear MR
& Ao o

v =25.000 y.=5.000 y.=1.000 v =0.200 4. =0.040
g g g 9 g

What would we like to see?

v, =25.000 v, =5.000 y.=1.000 v, =0.200 v, =0.040
g g 9 9 ]

Linear GC

h No o
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SSL with Graphs: Laplacian SVMs

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

Linear MR
N
b hoo
b hoo

74=25.000 7,=5.000 74=1.000 1,=0.200
What would we like to see?

v, =25.000 v, =5.000 v, = 1.000 v, =0.200 v, =0.040
g g 9 9 ]

Linear GC
hHh No o
o LN oo

One solution: We use the unlabeled data before optimizing over Hy!

Michal Valko — Graphs in Machine Learning 5/7




SSL with Graphs: Max-Margin Graph Cuts

Let’s take the confident data and use them as true!
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SSL with Graphs: Max-Margin Graph Cuts

Let’s take the confident data and use them as true!

P im0V sen(e) + IR
i:[ex|>e

st. £ = in £7(L + v,1)£
o (L + 71

st. bi=yiforali=1,...,n
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SSL with Graphs: Max-Margin Graph Cuts

Let’s take the confident data and use them as true!

P im0V sen(e) + IR
i:[ex|>e

s.t. £ =arg min £ (L + ~,1)£
Smin £ (L
st. bi=yiforali=1,...,n

Wait, but this is what we did not like in self-training!
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SSL with Graphs: Max-Margin Graph Cuts

Let’s take the confident data and use them as true!

F=min 3 V(Fxisenlf) + IR
i:|er|>e

s.t. £* =arg min £'(L +~,1)¢
gZERN ( Vg )
st. bi=yiforali=1,...,n
Wait, but this is what we did not like in self-training!

Will we get into the same trouble?
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SSL with Graphs: Max-Margin Graph Cuts

Let’s take the confident data and use them as true!

F=min 3 V(Fxisenlf) + IR
i:[ex|>e

s.t. £* =arg min £'(L +~,1)¢
gzeRN ( Vg )
st. bi=yiforali=1,...,n
Wait, but this is what we did not like in self-training!

Will we get into the same trouble?

Representer theorem is still cool:

Frx) = Y ofK(x;,x)

i |>e
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.github.io/mva-ml-graphs.html


https://misovalko.github.io/mva-ml-graphs.html

