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Notations

𝑥 variable

𝒙 vector

A matrix

I identity matrix

𝒳 ,𝒴 input and output spaces

𝒟 probability distribution

𝐷 data sample (data set)

𝒩 normal distribution

𝒰 uniform distribution

ℋ hypothesis space

𝐻 set of hypotheses

ℎ(⋅) hypothesis (learner)

𝔏 learning algorithm

𝑝(⋅) probability density function

𝑝(⋅ ∣ ⋅) conditional probability density function

𝑃 (⋅) probability mass function

𝑃 (⋅ ∣ ⋅) conditional probability mass function

𝔼 ⋅∼𝒟[𝑓(⋅)] mathematical expectation of function 𝑓(⋅) to ⋅
under distribution 𝒟. 𝒟 and/or ⋅ is ignored when
the meaning is clear

𝑣𝑎𝑟⋅∼𝒟[𝑓(⋅)] variance of function 𝑓(⋅) to ⋅ under distribution 𝒟

𝕀(⋅) indicator function which takes 1 if ⋅ is true, and 0
otherwise

sign(⋅) sign function which takes -1,1 and 0 when ⋅ < 0,
⋅ > 0 and ⋅ = 0, respectively

𝑒𝑟𝑟(⋅) error function

{. . .} set

(. . .) row vector

(. . .)⊤ column vector

v
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∣ ⋅ ∣ size of data set
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