
Statistics and machine learning
Probability

P(A ∣ B) = P(B ∣ A) P(A)
P(B) P(B) = ∑

i
P(B ∣ Ai) P(Ai) 𝔼[X] = ∑

x
x P(X = x) = ∫

∞

−∞
x f(x) dx

The normal distribution and its standardization:

f(x ∣ μ, σ2) = 1
√2πσ2

exp(−(x − μ)2

2σ2 ) Z = X − μ
σ ∼ 𝒩(0, 1)

Var(X) = 𝔼 [(X − μ)2] = 𝔼[X2] − 𝔼[X]2 Cov(X, Y) = 𝔼 [(X − μX)(Y − μY )]

Estimation
Sample mean, sample variance and a 95 % confidence interval for the mean:

x̄ = 1
n ∑

n

i=1
xi s2 = 1

n − 1 ∑
n

i=1
(xi − x)̄2 x̄ ± tn−1, 0.975

s
√n

Maximum likelihood and ordinary least squares:

θML̂ = arg max
θ

∏
n

i=1
f(xi ∣ θ) = arg max

θ
∑
n

i=1
log f(xi ∣ θ) 𝜷 ̂ = (𝐗⊤𝐗)−1𝐗⊤𝐲

The covariance matrix of three variables, with the correlation coefficient:

Σ = (
σ2

1 ρ12σ1σ2 ρ13σ1σ3
ρ12σ1σ2 σ2

2 ρ23σ2σ3
ρ13σ1σ3 ρ23σ2σ3 σ2

3

) ρ = Cov(X, Y)
σXσY

Information
H(X) = − ∑

i
pi log2 pi DKL(P ∥ Q) = ∑

x
P(x) log P(x)

Q(x) I(X; Y) = H(X) − H(X ∣ Y)

Machine learning
softmax(𝐳)i = ezi

∑K
j=1 ezj

σ(x) = 1
1 + e−x ReLU(x) = max(0, x)

Cross-entropy loss over  examples and the gradient step with learning rate :N η

ℒ(θ) = − 1
N ∑

N

i=1
∑
K

k=1
yik log yik̂ θt+1 = θt − η ∇θℒ(θt)

Adam, with bias-corrected moments:
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mt = β1mt−1 + (1 − β1) gt mt̂ = mt
1 − βt

1

vt = β2vt−1 + (1 − β2) g2
t vt̂ = vt

1 − βt
2

θt+1 = θt − η
√vt̂ + ϵ

mt̂

Scaled dot-product attention and a layer of a feed-forward network:

Attention(Q, K, V) = softmax(QK⊤

√dk
) V 𝐡(l+1) = ϕ(W (l)𝐡(l) + 𝐛(l))

A confusion matrix and the scores read from it:

Predicted + Predicted −
Actual + TP FN
Actual − FP TN

Precision = TP
TP + FP Recall = TP

TP + FN F1 = 2 ⋅ Precision ⋅ Recall
Precision + Recall
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