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E(X) X

var(X)

E(X) = μ = x ⋅ P (X = x)

var(X) = E[(X − E(X)) ] = E(X ) − E(X)

SD(X) =

Cov(X,Y ) = E[XY ] − E[X]E[Y ]

x∈X
∑
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√ var(X)
 



E[X + Y ] = E[X] + E[Y ]
E[aX] = aE[X]

var(X + Y ) = var(X) + var(Y ) + 2cov(X,Y )

var(aX + b) = a var(X)

X,Y

cov(X,Y ) = 0 ⇒ E[XY ] = E[X]E[Y ]

var[X + Y ] = var(X) + var(Y )

2



Y = Xβ + ϵ

X,β ϵ E[ϵ] = 0
var[ϵ] = σ

E[Y ]

var[Y ]

2



Y = Xβ + ϵ

X,β ϵ E[ϵ] = 0
var[ϵ] = σ

Xβ

E[Y ]

E[Y ] = E[Xβ + ϵ] = E[Xβ] + E[ϵ] = Xβ

var[Y ]

var[Y ] = σ var[Xβ] = 0
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L (y, ) = (y − )
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1. Take the derivative/gradient 
2. Set equal to zero 
3. Solve for optimal parameters 



∇L(β)

−∇L(β)

β β

β = β − α∇L(β )

α

t t+1

t+1 t tII



α α

∇(β )t

↳ d
•

BENHAM?



∇(β )

∇(β )

t

t iEpggAEEEEEEEEcnt
ftp.#.,4yi.igi)

for standard GD

Fashion 't sun
,just take single pt

mini - batch : choose some subset of b points ,

and sum over those points
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a,x ∈R A ∈R

f(x) = a x

⇒ ∇f(x) = a

f(x) = x x

⇒ ∇f(x) = 2x

f(x) = x Ax

⇒ ∇f(x) = (A + A )x
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{(x , y ), (x , y ), ..., (x , y )}
y = β x + β

L(β ,β ) = (y − ) = (y − β x − β )

β ,β β β
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L(β) = (y − β x − β )

β =

X =

y =
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L(β) = y − Xβ = (y − Xβ) (y − Xβ)

= y y − y Xβ − (Xβ) y − β X Xβ

= y y − 2(X y) β − (Xβ) (Xβ)

∇L(β) = 0 − 2X y − 2X Xβ = 0

⇒ X Xβ = X y

⇒ β = (X X) X y
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X X X

β

L(β) = y − Xβ + λ β

L(β) = y − Xβ + λ β

∣∣x∣∣ = ∣∣x∣∣ = ∣x ∣ + ∣x ∣ + ... + ∣x ∣
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y − Xβ + λ β

⇒ β = (X X + λI) X y
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y − Xβ + λ β
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ϵ E[ϵ] = 0 var[ϵ] = σ

Y

Y = h(x) + ϵ

{(x , y )} f (x)
E[(Y − f (x)) ]

E[(Y − f (x)) ] = (h(x) − E[f (x)]) + E(E[f (x)] − f (x)) ] + σ
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y − Xβ + λ β

λ λ

β λ β

λ

θ
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L

λ → ∞

1① sparsity

①
no : regularization makes our model mare general , having opp . effect

① model goes to 0

(
⑤ typically ,

the opposite ( not always)
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arg (y − x β) + λ β

λ
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θ
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[0, 1]
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f(x)

0 ≤ f(x) ≤ 1 x ∈ X
f(x) = 1

R → [0, 1] σ(x)

σ(x) =

σ(x) = σ(x)(1 − σ(x))

∑x∈X

1 + e−x

1

dx

d



E[Y ∣x] = x β β

y − Xβ

P (Y = 1∣x) = σ(x β) =

x
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β
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L(β) = − (y x β + log(σ(−x β)))

β
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y y_pred

TP = np.count_nonzero((y == y_pred) & (y_pred == 1))

TN = np.count_nonzero((y == y_pred) & (y_pred == 0))

FP = np.count_nonzero((y != y_pred) & (y_pred == 1))

FN = np.count_nonzero((y != y_pred) & (y_pred == 0))

TP+FP
TP

TP+FN
TP
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x

[0, 1]

[0, 1]

β β = (X X) X y

y = σ(x β)

∗ ∗ T −1 T

T

①
No restriction on inputs X

①
output is O or I
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logistic regression
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then true

Need to fit cross entropy loss
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good luck !


