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I
. Supervised Machine Learning

Given T -- Lexi, Yi)}i= ,
. .n
(training data set ) find f :X→ Y

59 such that Hi ffxi)- Yi

xie X Yi EY f- ( x) = g. (W , K)input output ↳ parameters
Probabilistic approach Model ply Ix ) (conditional prob .

distribution)

f- (x) -- arg masc P(y=y⇐1x) Y={ya
,

- . - - ym}
K=L . . M

① model the joint Pcy , >c) ,
from this get Plylx)

② plylx) = Pcxly) PCs) ③ Ply = glue .x two)
PCI) ↳paramdeters

kerned function
kernel approach k : Xxx- IR klxiyxj) -_ LEIGH,#exits
implicitly induces a feature map of :X→F

⇒
Parameters

f- (x) = { di klxpci) Yi Learning • Estimating probabilities
(ki ,Yi) ES . Finding parameters using

optimization .



Z
.

Quantum Machine Learning

>
Classical ML algorithms
with quantum inspiration

>
Quantum implementation
of ML algorithms to
deal with classical
data

.

>
Using ML algorithms to support
quantum computing or research



3
.

Quantum measurement classification (Training )
Yx :X→ Ha Yy : Y → Hy Both inputs and

outputs are representedsci 1-714×6477 Tilt lYyHi)) as quantum states

I . Quantum feature mapping

Y : X×Y → Hac Hy
(ki
,
Yi) 1-314×647> ④ HzGil>
T

Z. Training state estimation

n

Grain l Yi > stil
it

↳This represents PGC, y )
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. Q MC (Prediction) I

.

Quantum feature mapping

x*I→ 14,cGc*)>

2
.
Prediction operator

IGE) -- 14×4*13<4×6*11 2day
3
.

Quantum measurement

Peris) e' = IT Ilha,nlT(x* )
track#Jehan # (x* )]

pLylx⇒c*)
4

.

Partial trace

e 'y=Tr×Cl
'

]
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. Relationship with Bayesian Learning
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. Relationship with kernel learning


