Algorithms for Graph Label Prediction:
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General

@ Universum = set of n < oo objects V = {v;}.;
@ Edges

o {a,-/ = gj € {0,1}}v,,|/,ev
... or weighted edges
€ ={aj = aj 2 0}y, vev

© Organized in a graph G = (V, &)

@ Each Object has a true label {y; € {—1,1}},,
ory:V —{-1,1}

© Subset S C V of Labels is revealed

@ Predict the remaining labels T = V/S

@ Hypothesis g € H where

HcC {v—>{—1,1}}
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Inference

l. Inference
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Transductive Inference

@ S sampled randomly without replacement from V

@ Only y(S) given
@ Risk of alabeling g: V — {-1,1}

R(q) = P(q(V)#y(V))
= E[a(V) #y(V))]

1 n
= - ;I(Q(Vi) #y(v))

where V random vertex from V
© Empirical Risk given S

Rs(q) = ﬁ S la(v) £ ¥(w)

i€eS
© Risk on Test Set
R1(q) = 1|Z/(q(v,-) £ y(w)

IT]
ieT
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Supervised Inference

@ S sampled iid from P from V
@ Only G|S and y(S) given.
© Riskofalabelingg: VvV — {—1,1}
R(q) = P(q(V)#y(V))
El(q(V) # y(V))]
where V random vertex from V
© Empirical Risk given S

Rs(q) = |1§| S Ka(v) £ y(w)

ieS
© Risk on Test Set
Rr(q) = |%| S q(v) £ y(W)~ R(9)

ieT
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Semi-Supervised Inference

@ S sampled iid from P from V, n —

@ S; random subsample from S, and S; = S/S;s
© Only G|S and y(Ss) given.

© Riskofalabelingg: VvV — {—1,1}

R(q) = P(q(V)#y(V))
= E[l(q(V) # y(V))]
where V random vertex from V
© Empirical Risk given S
Rs(@) = g 3 Ha(v) # ¥(v)
ies

© Risk on Test Set

Rr(q) = |%| S q(v) £ y(W)~ R(9)

ieT
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Online Learning

ll. Online Learning
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Online + Transductive

lterate t =1,... (S°={})
@ Adversary asks 'y (v)?’
Q S'=S5"uw

© Prediction g’ based on G and y(S'™)
© Nature reveals y(v;)
© Regret

t

ZP(q(V)#y(V)—mmZP( (V) #y(V))

i=1
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Online + Supervised

lterate t =1,... (S°={})
@ Adversary asks 'y(v)?
e St St 1 U v

@ Prediction g' based on G|S" and y(S'™")
@ Nature reveals y(v;)
© Regret

t

> P(dW) #£yv)) - mmZP( (V) #y(V))

— G only revealed incrementally
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Online + Semi-Supervised

?Transductive Learning Phase + Extension Operator
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Hypothesis Spaces

lll. Hypothesis Spaces
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What is a good Hypothesis Space

For learning Concept of ‘Continent’

EuROPE
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Plausible Hypothesis Spaces

Hc{q:V—>{-1,1}}

@ Counterpart to margin?
@ Graph Cut

]
cut(@) = > a=,4q'Lq
q(v)#a(v))

] 1
MINCUT  MAXMARCUT

© Bounded Graph Cut

Hp = {q:vﬂ{fm}: cut(q)gB}
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Plausible Hypothesis Spaces

Local Consistency with 1NN

® A g
0! 0 © 3
©_ | ©
0
@/9@ AT
® ®
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Conclusions

V. Conclusions
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Open Problems

@ Formg

@ Suitable H and regularization?
G © Model Selection?
el © Tuning Graph or Algorithm?

© Extension Operator?
@ Noise Sources/ Robustness w.r.t. G
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