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Active Learning of SFAs

@ Posikive resulks

o Learhing of SFAs over monotonic algebras using
membership and equiv&i&%&a qu,eri,@.s

o [Maler & Mens 2014 ], [Maler & Mens 2017

o [Chubachi, Diptarama, Yoshinaka, Shinchara 2017]
@ MAT* alqorithm for learning SFAs

o [Argvros £ D'Antoni 201% ]
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o First nhegative resulk
o N@.«z‘:@.ssarjj condiktion:

o We can Patvmammt{v Llearin SFAs over a RBoolean
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wsung membersmp and equivai.emce queries

—» SFAs over the propositional algebra are not
polynomially learnable
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o generalize((I';,...,I"))) = (v, ..y;,) C

@ generalize({{0}, {100})) = ([0,100), [100,00))
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Necessary condition & subficient
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Learning scheme for the paradigm
of identification in the Limit of
SFASs



"THANK Y1

o Active LQ&Y'ME«MS By > @ Yoas sive L@-QV@\LV\S

SO e ) 3 ARy 3
. " bl
P s
A ST

N@.t‘:@.ssarv condition > Necessary ﬂak}i&;(}h & subficient
o ' condition for learning SFAs

o SFAs over the * P |

pra-posiﬁ@mai algebra

are ot polynomially

learnable :

® SFAs over the Propcﬁ-si&o%alalgebr&
are hot polynomially learnable

Learning alqorithm for SFAs over
monotonie algebr&s

o Learning scheme for the paradigm
of identification in the Limit of

Q UHEs E E«O A S,? il




