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otivation

Active learning methods, like uncertainty sampling, combined with probabilistic prediction
techniques [Lewis & Gale, 1994; Settles, 2012] have been successful.

Previous methods:
»CRF N exp(wT o(x,y))

W = arg mﬁx H P(Yn|xn. w)  pylx.w) = >y exp(wTo(x,y))

n=1

> Intractable 8
{
»>SSVM min |uw]" +C 21;15} (0, A(yn, ) + (w, ¥(@n,y)) — (w, ¥(n,30)))
n=1

» SVM Platts [Lambrou etal., 2012; Platt, 1999] =» Unreliable @
» Complication of Interpretation for multi-class @



// T , =
=~ 0ur approach

1- Leveraging Adversarial prediction methods [Behpour et al. 2018]:
- An Adversarial approximation of the training data labels, P (¥|x)

- A predictor, P(9|x), that minimizes the expected loss against the
worst-case distribution chosen by the adversary.
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min max Bz, scai0 50 [L0ss(Y, Y)]
P(g|z) P(y|z) P(z)P(g|z)P(y|x)

Source

=Ep(xy) [Z "%m'x)]

Ep b Z i(Yi, X)

and

Epx)p31x) Z i (Y Y. X)
i)
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2- Computing Mutual Information to measure reduction in uncertainty
[Guo and Greiner 2007].

The mutual information of two discrete random variable a and b:
( the amount of the information which is held between a and b)

VY =S 30 p(ya:yb)lﬂg( P(Ya> Up) )

Yo EA y,EB p(ya )p(yb)

[fﬁyﬂ,ym — H(ya) + H(y) = H(ya, }
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Marginal entropy of Ya Marginal entropy of b Joint entropy of  Ya and b
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PF=1001011011]") =25%

y=[001011011]7
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~—“Game Matrix for Multi- label prediction

P@=[000001111]") = 32%

Cut

< y=[000001111]"

|y =[Sea, Ship, Sheep, Horse, Dog, Person, Mountain, Wolf, Tree]

PF=000110111]") = 43%

y=[0oo110111)"

[010101101]7

L(qo1o0 1011011, [001011011]")
+@(001011011]7)

L({o10101101]",[000001111]7)
+@ (0000011117

L(qo1o 1011011, [000110111]")
+@(000110111]7)

[010100011]7

L(J010100011]", [001011011]")
+@(001011011]7)

L({010100011]",[000001111]7)
+@(([000001111]7)

LJo1o 1000117, [000110111]")
+@((000110111]7)

[111001101]7

L(q111001101]7,[001011011]")
+@(001011011]7)

LJ111001101]7,[000001111]")
+@((000001111]7)

LJqr11001101]7,[000110111]")
+@(000110111]7)
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Sample selection strategy

The total expected reduction in uncertainty over all variables, Y;,...,Y,,
from Observing a particular variable Y;

PG=[001011011]") =25% PG=[000001111]7)= 32% PH=[000110111]") = 43%

Cut

y=001011011)7 < y=[000001111]7

Lqo1o1011anT matntintunhitaiotot1onTmwoooor110Nr ma1a 1011017 71000110111]

0101011017 T
[ ' |+e@@qoo010 uncertainty before expected uncertainty 1)
observing v ; after observing v T 000110111
010 1000117 | (@10 10 e ~ ! llrl :
+@ (0010 N N )
11001101’ | L1100 Vo — § jH | D)) § P(y;|Dy) § :H | Dy, 00110111)

Y€y .

= Z I Y;, Y |Dl) Marginal entropy

1=
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> (—%Zjﬁ(ﬂx)'[ﬂﬁi”‘@”*“”ﬂ]) Analyze unlabeled

{izg=0}

Active Learning for Cuts

Train a model Test the model

D 1y # 95) — 015803 (i 5, %). data pOOI

i

Unlabeled data pool

Labeled data pool

uncertainty before expected uncertainty
observing after observing v/

P

=~ -~ .

V; =D H®iDy)— Y P(y;|D1) > H(Y:|Dr,y;)
i=1 i=1

y; €Y

=3 1 VD).
Return the sample -

Ada/ update the sample If there is any unannotated label.

Solicit the sample with
the highest V;
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Conclusion

,/J’(? o A ~ s _
N\ min max Ez, ., seemareim[Loss(BX))]/
Ql (g(2) PG l2) P () P(]2) P (glx) 0SS (Y, 1) | Iag

Leveraging Adversarial Structured Predictions

» Adversarial Robust Cut > Adversarial Bipartite Matching

Adversary probability distribution
¥

correlations between unknown label variables

¥

Useful in estimating
the value of information for different annotation solicitation decisions.

¥

Better performance and lower computational complexity
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