Chapter 1: Introduction to One-shot
Learning
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Chapter 2: Metrics-Based Methods
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Chapter 3: Model-Based Methods
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Chapter 4: Optimization-Based Methods
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Chapter 5: Generative Modeling-Based

Methods

P(0|Data)

(A) = {Oyap} MAP g1

Models that think there are
more right-handed people

Models that think there are
more left-handed people

Models (6)

@ Lightning(L)

[17]



ii)

Ss

D| Y|P |T O
!

21y

SE

Rar ?
3138
BI8IT| 8
AR
= 9 W&k

[18]




A

i) primitives D ’1_)

i) sub-parts Q—)

ili) parts 3
N

iv) object
template relation:
attached along
type level

v) exemplars 31“

attached along

relation: ‘S
—

attached at start

relation: n—b

procedure GENERATETYPE

# +— P(r) = Sample number of parts
fori=1..xdo

n; « P(ni|x) = Sample number of sub-parts

forj=1..n;do

815 + P(sij]si;-1)) > Sample sub-part sequence

end for

R+ P(R;i|51,..,8i21) = Sample relation
end for

P+ {k, R, S}
return @GENERATE TOKEN(1") = Return program

procedure GENERATETOKEN(1)
fori=1.xdo
S e PS80 & Add motor variance
LI R
- Sample part's start location
T p(nt™, 8" Compose a part’s trajectory
end for

vi) raw data l

P

Alml ¢ pA(m)) - Sample affine transform
[im) o p(fim)|pim) glm)) = Sample image
return /™)

phase 1:
representational

learning

i=1:N
D ={X;, 7}y D={xi,ui}i,

k-shot learning

i=1:N

k-shot testing

[19]




Chapter 6: Conclusions and Other
Approaches
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