
Machine Learning Cheat Sheet
General
• Multivariate normal: 𝒩(𝒙 | 𝝁, 𝚺) ≔ 1

√(2𝜋)𝐷 det(𝚺)
exp[−1

2(𝒙 − 𝝁)𝑇 𝚺−1(𝒙 − 𝝁)]
• Bayes’ Rule: pst = lkh ⋅ pri

evi ⟺ 𝑃(𝑤 | 𝒟) = 𝑃(𝒟 | 𝑤)𝑃(𝑤)
𝑃(𝒟)

‣ 𝑃(𝒟) = ∫ 𝑃(𝒟 | 𝑤)𝑃(𝑤)𝑑𝑤
• Logistic sigmoid: 𝜎(𝑎) ≔ 1

1+ exp(−𝑎)
• Softmax: 𝑓𝑘(𝒂) ≔ exp(𝑎𝑘)

∑𝑗 exp(𝑎𝑗)  with 𝑎𝑘 = ln 𝑝(𝒙 | 𝐶𝑘)𝑝(𝐶𝑘)
• One-hot coding: C_k = ((k-1) * [0] + [1] + (n-k) * [0]).T

Linear basis function regression
• Model 𝑦(𝒙, 𝒘) = 𝒘𝑇 𝝋(𝒙)
• Target 𝑡 = 𝑦(𝒙, 𝒘) + 𝜀 with 𝜀 ∼ 𝒩(0, 𝛽−1)

‣ 𝑝(𝑡 | 𝒙, 𝒘, 𝛽) = 𝒩(𝑡 | 𝑦(𝒙, 𝒘), 𝛽−1)
• Maximum likelihood estimation (constant prior)

‣ optimize likelihood 𝑝(𝒕 | 𝑿, 𝒘, 𝛽) = ∏𝑛 𝒩(𝑡𝑛 | 𝒘𝑇 𝝋(𝒙𝑛), 𝛽−1)
‣ ln 𝑝(𝒕 | 𝑿, 𝒘, 𝛽) = 𝑁

2 ln 𝛽 − 𝑁
2 ln(2𝜋) − 𝛽

2 ∑𝑛 [𝑡𝑛 − 𝒘𝑇 𝝋(𝒙𝑛)]2

‣ 𝒘̂ = arg max𝒘 ln 𝑝(𝒕 | 𝑿, 𝒘, 𝛽) = 𝚽†𝒕 = (𝚽𝑇 𝚽)−1𝚽𝑇 𝒕 with 𝚽𝑛𝑗 = 𝝋𝑗(𝒙𝑛)
‣ 𝛽−1 = arg max𝜷−𝟏 ln 𝑝(𝒕 | 𝑿, 𝒘, 𝛽) = 1

𝑁 ∑𝑛 [𝑡𝑛 − 𝒘𝑇 𝝋(𝒙𝑛)]2 (residual variance)
• Maximum A-Posteriori estimation (Gaussian prior)

‣ optimize posterior 𝑝(𝒘 | 𝐷) ∝ 𝑝(𝐷 | 𝒘)𝑝(𝒘)
‣ 𝒘̂ = arg max𝒘(ln 𝑝(𝐷 | 𝒘) + ln 𝑝(𝒘)) = (𝚽𝑇 𝚽 + 𝛼𝑰)−1𝚽𝑇 𝒕

• Expected loss: 𝐸𝒟[𝐿] = bias2 + variance
‣ 𝐸𝒟[(𝑦(𝑥, 𝒟) − ℎ(𝑥))2] = (𝐸𝒟[𝑦(𝑥, 𝒟)] − ℎ(𝑥))2 + 𝐸𝒟[(𝑦(𝑥, 𝒟) − 𝐸𝒟[𝑦(𝑥, 𝒟)])2] with 𝒟 =

dataset, ℎ(𝑥) = true data-generating function, and 𝑦(𝑥, 𝒟) = linear function fitted using 𝒟
• 𝑘-fold cross-validation: split data into 𝑘 partitions, use 𝑘 − 1 for training and 1 for testing and

repeat 𝑘 times, always using a different partition for testing

Fisher’s linear discriminant
• project 𝒙 to 1D: 𝑦 = 𝒘𝑇 𝒙
• class mean: 𝒎𝑘 ≔ 1

𝑁𝑘
∑𝑛∈𝐶𝑘

𝒙𝑛

• projected class mean: 𝑚𝑘 ≔ 𝒘𝑇 𝒎𝑘
• transformed within-class variance: 𝑠2

𝑘 ≔ ∑𝑛∈𝐶𝑘
(𝑦𝑛 − 𝑚𝑘)2

• Fisher criterion: 𝐽(𝒘) ≔ between-class variance
within-class variance = (𝑚2−𝑚1)2

𝑠2
1+𝑠2

2
= 𝒘𝑇 𝑺𝐵𝒘

𝒘𝑇 𝑺𝑊𝒘
‣ 𝑺𝐵 ≔ (𝒎2 − 𝒎1)(𝒎2 − 𝒎1)

𝑇

‣ 𝑺𝑊 ≔ ∑𝑛∈𝐶1
(𝒙𝑛 − 𝒎1)(𝒙𝑛 − 𝒎1)

𝑇 + ∑𝑛∈𝐶2
(𝒙𝑛 − 𝒎2)(𝒙𝑛 − 𝒎2)

𝑇

• Fisher’s linear discriminant: 𝒘̂ = arg max𝒘 𝐽(𝒘) ∝ 𝑺−1
𝑊 (𝒎2 − 𝒎1)

Probabilistic generative models
• Two classes

‣ 𝑝(𝐶1 | 𝒙) = 𝜎(𝑎) = 𝜎(𝒘𝑇 𝒙 + 𝑤0) with 𝑎 = ln 𝑝(𝒙 | 𝐶1)𝑝(𝐶1)
𝑝(𝒙 | 𝐶2)𝑝(𝐶2) , 𝒘 = Σ−1(𝝁2 − 𝝁1), and 𝑤0 =

1
2(𝝁𝑇

1 Σ−1𝝁1 + 𝝁𝑇
2 Σ−1𝝁2) + ln 𝑝(𝐶1)

𝑝(𝐶2)
‣ Maximum likelihood estimation

– 𝜋 = 𝑁1
𝑁  with 𝜋 ≔ 𝑝(𝐶1), 𝑝(𝐶2) = 1 − 𝜋

– 𝝁̂1 = 1
𝑁1

∑𝑛 𝑡𝑛𝒙𝑛, 𝝁̂2 = 1
𝑁2

∑𝑛(1 − 𝑡𝑛)𝒙𝑛
– 𝚺̂ = 𝑁1

𝑁 𝑺1 + 𝑁2
𝑁 𝑺2 with 𝑺𝑘 = 1

𝑁𝑘
∑𝑛∈𝐶𝑘

(𝒙𝑛 − 𝝁𝑘)(𝒙𝑛 − 𝝁𝑘)𝑇

• 𝑘 classes
‣ 𝑝(𝐶𝑘 | 𝒙) = Softmax(𝒂) = Softmax(𝑾 𝑇 𝒙 + 𝒘0) (assuming shared 𝚺)

– 𝑎𝑘 = ln 𝑝(𝒙 | 𝐶𝑘)𝑝(𝐶𝑘)



– 𝒘𝑘 = 𝚺−1𝝁𝑘
– 𝑤𝑘0 = −1

2𝝁𝑇
𝑘 𝚺−1𝝁𝑘 + ln 𝑝(𝐶𝑘)

• Decision boundary between class 𝑖 and 𝑗: 0 = (𝒘𝑗 − 𝒘1)
𝑇 𝒙 + (𝑤𝑗0 − 𝑤𝑖0)

‣ if 𝚺 is not shared, discriminant is quadratic, otherwise linear

Probabilistic discriminative models
• 𝑦(𝑥) = 𝜎(𝒘𝑇 𝒙), 𝑝(𝐶1 | 𝒙) = 𝑦, 𝑝(𝐶2 | 𝒙) = 1 − 𝑦
• Maximum likelihood estimate (generalizes to multi-class case)

‣ 𝑝(𝒕 | 𝒘) = ∏𝑛 𝑦𝑡𝑛𝑛 (1 − 𝑦𝑛)1−𝑡𝑛  with 𝒕 = {0, 1}
‣ 𝐸(𝒘) = − ln 𝑝(𝒕 | 𝒘) = − ∑𝑛[𝑡𝑛 ln 𝑦𝑛 + (1 − 𝑡𝑛) ln(1 − 𝑦𝑛)]
‣ ∇𝒘𝐸(𝒘) = ∑𝑛[𝜎(𝒘𝑇 𝒙𝑛)𝒙𝑇

𝑛 − 𝑡𝑛𝒙𝑇
𝑛 ] = 0 (no direct solution)

‣ Newton’s method (IRLS): 𝒘𝑘+1 = (𝑿𝑇 𝑹𝑿)−1𝑿𝑇 𝑹𝒛 with 𝑅𝑛𝑛 = 𝑦𝑛(1 − 𝑦𝑛) and 𝒛 =
𝑿𝒘𝑘 − 𝑹−1(𝒚 − 𝒕)

Neural networks
• Forward pass (apply input 𝑥𝑛): 𝑧𝑗 = ℎ(𝑎𝑗) with ℎ = activation function, 𝑎𝑗 = ∑𝑖 𝑤𝑗𝑖𝑧𝑖
• Evaluate 𝛿𝑘 = 𝑦𝑘 − 𝑡𝑘 at the output neurons, backpropagate 𝛿𝑗 = ℎ′(𝑎𝑗) ∑𝑘 𝑤𝑘𝑗𝛿𝑘
• Gradient 𝜕𝐸𝑛

𝜕𝑤𝑗𝑖
= 𝛿𝑗𝑧𝑖

Optimization algorithms
• Newton’s method: 𝑥𝑘+1 = 𝑥𝑘 − 𝑓′(𝑥𝑘)

𝑓″(𝑥𝑘) , multidimensional: 𝒙𝑘+1 = 𝒙𝑘 − 𝑯−1∇𝑓(𝑥𝑘)
• Stochastic gradient descent: 𝒘𝑘+1 = 𝒘𝑘 − 𝜆∇𝒘𝐸(𝒙, 𝒘𝑘)
• SGD with momentum: velocity 𝑣𝑘+1 = 𝛽𝑣𝑘 + 𝜆∇𝒘𝐸(𝒙, 𝒘𝑘) with 𝛽 ∈ [0, 1)

‣ 𝒘𝑘+1 = 𝒘𝑘 − 𝑣𝑘+1

• AdaGrad (adaptive gradient per parameter) 𝑤𝑖 − 𝜂
√𝐺𝑖

𝑔𝑖; 𝐺𝑖 = ∑𝑡
𝜏=1 (𝑔(𝜏)

𝑖 )
2

• RMSProp (root mean square propagation) 𝜈(𝑡) = 𝛾𝜈𝑡−1 + (1 − 𝛾)(𝑔(𝑡)
𝑖 )

2
 ; 𝑤𝑖 − 𝜂√

𝜈(𝑡) 𝑔
(𝑡)
𝑖  forgets

earlier gradient magnitudes over time
• Adam (adaptive moment estimation, Momentum + RMSProp) 𝑤(𝑡) ← 𝑤(𝑡−1) − 𝜂 𝑚̃𝑤√

𝑣̃𝑤+𝜀 ; 𝑚(𝑡)
𝑤 ←

𝛽1𝑚(𝑡−1) + (1 − 𝛽1)(𝑔(𝑡))2; 𝑣(𝑡)
𝑤 ← 𝛽2𝑚(𝑡−1) + (1 − 𝛽2)(𝑔(𝑡))2

Convnets
• Slide a filter 𝒘 over the image, computing 𝒘𝑇 𝒙 + 𝑏 for a local chunk 𝒙 of the image
• valid padding = no padding: 𝑛 × 𝑛 ⟹ (𝑛 − 𝑘 + 1) × (𝑛 − 𝑘 + 1) with 𝑘 × 𝑘 kernel
• same padding = padding with 𝑘2 − 1 zero-pixels: 𝑛 × 𝑛 ⟹ 𝑛 × 𝑛
• Receptive field size 𝑅 = 1 + ∑𝑙(𝑘𝑙 − 1)
• 𝑠-strided convolution: output size 𝑀 = 𝑁−𝑘

𝑠 + 1
• last layer: Flatten last convolutional layer and fully-connect to output

Decision trees
• for every observation 𝒙 ∈ 𝑅𝑖 predict the mean of all training observations in region 𝑅𝑚
• Construction via greedy recursive binary splitting

‣ regression trees: use exhaustive search to find predictor 𝑥𝑗 and cut point 𝜃 that minimize MSE
min𝑗,𝜃[min𝑐−

∑𝑛∈𝑅−
(𝑡𝑛 − 𝑐−)2 + min𝑐+

∑𝑛∈𝑅+
(𝑡𝑛 − 𝑐+)2] with optimal prediction 𝑐± ≔

1
𝑁±

∑𝑛∈𝑅±
𝑡𝑛 and halfplanes 𝑅±(𝑗,𝜃) ≔ {𝒙 | 𝑥𝑗

≥
<𝜃}

‣ classification trees: use cross-entropy 𝐻 ≔ − ∑𝑘 𝑝𝑚𝑘 ln 𝑝𝑚𝑘 or Gini index 𝐺 ≔ ∑𝑘 𝑝𝑚𝑘(1 −
𝑝𝑚𝑘) as loss function instead, 𝑝𝑚𝑘 ≔ 1

𝑁𝑚
∑𝑛∈𝑅𝑚

𝐼(𝑡𝑛 = 𝑘)
‣ repeat for each half plane until stopping criterion is reached

• Bagging to reduce variance (samples are correlated, variance barely decreases)



‣ draw bootstrap samples {(𝑥(𝑏)
1 , 𝑡(𝑏)

1 ), …, (𝑥(𝑏)
𝑁 , 𝑡(𝑏)

𝑁 )}
𝐵

𝑏=1
 from the training set (with

replacement) and train 𝑦∗
𝑏  on 𝑏th sample, average models: 𝑦bag(𝒙) = 1

𝐵 ∑𝑏 𝑦∗
𝑏(𝒙)

• Random forests to reduce variance: construct 𝐵 trees on bootstrap samples using a random subset
of 𝐽 ≤ 𝑃  (ex. 𝐽 = sqrt 𝑃 ) features for each split, then average the trees

• Gradient boosted regression trees: initialize 𝑌0(𝑥) = 0, for all 𝑘 fit regression tree 𝑦𝑘 to residuals
𝑟𝑘𝑛 = 𝑡𝑛 − 𝑌𝑘−1(𝑥𝑛) and update 𝑌𝑘(𝑥) = 𝑌𝑘−1(𝑥) + 𝑦𝑘(𝑥)

Principal Component Analysis
• minimize squared reconstruction error, equivalent to maximizing variance of projection
• principal components are main axes of covariance ellipse
• data covariance matrix 𝑺 = 1

𝑁 𝑿𝑇 𝑿 = 𝑼𝚲𝑼𝑇  (eigenvalue decomposition)
• Principal components = eigenvectors 𝑼

Probabilistic PCA
• define multivariate Gaussian density model with reduced number of parameters: 𝒙 ∼

𝒩(𝒙 | 𝝁, 𝕎𝑇 + 𝜎2𝑰)
• maximum likelihood: 𝑾̂ = 𝑼𝑀

(𝚲𝑀−𝜎2𝑰)1

2 𝑹 with 𝑼𝑀 , 𝚲𝑀 = first 𝑀  eigenvectors/eigenvalues
and 𝑹 = arbitrary orthogonal matrix

Stochastic neighbor embedding
• preserve local neighborhood relationships
• minimize 𝐿 ≔ ∑𝑖≠𝑗 𝑝𝑖𝑗 ln 𝑝𝑖𝑗

𝑞𝑖𝑗
∝ − ∑𝑖≠𝑗 𝑝𝑖𝑗 ln 𝑎𝑖𝑗 + ln ∑𝑘≠𝑙 𝑎𝑘𝑙 via gradient descent

‣ 𝑞𝑖𝑗 = 𝑎𝑖𝑗
∑𝑘≠𝑙 𝑎𝑘𝑙

 and 𝑝𝑖𝑗 = 𝑝𝑗|𝑖+𝑝𝑖|𝑗
2𝑁  with 𝑝𝑗|𝑖 = exp(−𝑑2

𝑖𝑗)
∑𝑘≠𝑖 exp(−𝑑2

𝑖𝑘)  with 𝑑2
𝑖𝑗 = | 𝒙𝑖−𝒙𝑗 |2

2𝜎2
𝑖

‣ SNE: 𝑎𝑖𝑗 = exp(− | 𝒚𝑖 − 𝒚𝑗 |2), t-SNE: 𝑎𝑖𝑗 = 1
1+ | 𝒚𝑖−𝒚𝑗 |2

K-means
• minimize 𝐽 ≔ ∑𝑛 ∑𝑘 𝑟𝑛𝑘 | 𝒙𝑛 − 𝝁𝑘 |2 with 𝑟𝑛 one-hot encoded
• find optimal 𝑟𝑛𝑘 given current prototypes 𝝁𝑘: 𝑟𝑛𝑘 = 1 if 𝑘 = arg min𝑗| 𝒙𝑛 − 𝝁𝑗 |2

• find optimal 𝝁𝑘 given current cluster assignments 𝑟𝑛𝑘: 𝝁𝑘 = ∑𝑛 𝑟𝑛𝑘𝒙𝑛
∑𝑛 𝑟𝑛𝑘

, iterate

Gaussian mixture models
• 𝑝(𝒙) = ∑𝑘 𝜋𝑘𝒩(𝒙 | 𝝁𝑘, 𝚺𝑘) with priors 𝜋𝑘 ≔ 𝑝(𝑧𝑘 = 1) with 𝒛 one-hot encoded
• responsibility 𝛾(𝑧𝑘) ≔ 𝑝(𝑧𝑘 = 1 | 𝒙) = 𝜋𝑘𝒩(𝒙 | 𝝁𝑘,𝚺𝑘)

∑𝑗 𝜋𝑗𝒩(𝒙 | 𝝁𝑗,𝚺𝑗)

• Maximum likelihood: ln 𝑝(𝒙 | 𝝅, 𝝁, 𝚺) = ∑𝑛 ln[∑𝑘 𝜋𝑘𝒩(𝒙 | 𝝁𝑘, 𝚺𝑘)] (no direct solution)
• compute 𝛾𝑛𝑘 given current parameters 𝜋𝑘, 𝝁𝑘, 𝚺𝑘
• find optimal parameters using current 𝛾𝑛𝑘: 𝝁𝑘 = 1

𝑁𝑘
∑𝑛 𝛾𝑛𝑘𝒙𝑛, 𝚺𝑘 = 1

𝑁𝑘
∑𝑛 𝛾𝑛𝑘(𝒙𝑛 −

𝝁𝑘)(𝒙𝑛 − 𝝁𝑘)𝑇 + 𝜆𝑰𝐷, 𝜋𝑘 = 𝑁𝑘
𝑁  with 𝑁𝑘 ≔ ∑𝑛 𝛾𝑛𝑘

Transformers
• self Attention 𝑦𝑖 = ∑𝑁

𝑗=1 𝑤𝑖,𝑗𝑥𝑗;𝑤̃𝑖,𝑗 = 𝑥𝑇
𝑖 𝑥𝑗;𝑤𝑖,𝑗 = Softmax(𝑤̃𝑖,𝑗)

• Each input is query, key, value .
• Transformers are permutation invariant -> positional encodings

No Free Lunch Theorem Averaged over all possible functions 𝑓 , all algorithms are equivalent in
terms of 𝔼[𝐸|𝑑].
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