
     
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
  

Supervised Learning: Using annotated(labelled) data. Input Matrix 𝑋 =

𝑀(𝑁𝑟 𝑜𝑓 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑎𝑚𝑝𝑙𝑒𝑠) × 𝑁(𝑁𝑟 𝑜𝑓 𝑓𝑒𝑎𝑡𝑢𝑟𝑒𝑠). Output Vector 
𝑦 = 𝑀. Goal is to find funcƟon 𝑓൫𝑋௠,:൯ → 𝑦(௠) 
Unsupervised Learning: No labelled data. Goal is to idenƟfy and ex-
plain paƩerns and apply the model to new data => Fuzzy problem state 
Clustering: Grouping objects in clusters with similar other objects 
Dimensionality ReducƟon: Transform data without losing informaƟon 
Reinforcement Learning: Agent observes environment, performs ac-
Ɵon, gets reward/punishment, adjust policy(strategy) by itself 

Features: Individual measurable 
properƟes: Independent Variables, 
Predictors, AƩributes or Covariates 
ClassificaƟon: Predict a discrete cate-
gory or class label, fixed nr of output 
Regression: Predict a conƟnuous nu-
merical value or quanƟty, find trend 
Instance based: Pred based on data 
Normal EquaƟon: For Linear Regress 

 
^ 𝜖 = 𝑦 − 𝑋𝜃 => 𝜃 = (𝑋்𝑋)ିଵ𝑋்𝑦 
Residual Plot: ScaƩer of pred vs res 
Standard res: res/st.dev(res) 

 
Model Complexity: -Bias (Too many 
assumpƟons=>underfiƫng), Variance 
+(too much aƩenƟon=>overfiƫng) 

Types: Categorical=> Nominal (Cannot 
be ordered, gender) & Ordinal (discrete 
and ordered), Numerical => ConƟnues 
& Discrete (can be counted infinite) 
Structured: Has data model / schema 
Semi-Structured: contain tags/markers 
Metadata: Data about data, supporƟve 
Cleaning: Deduplicate, Outlier detecƟon 
Cosine Similarity: How numerically 
close are two vectors, only looks at an-
gle not length=>proporƟonal similarity 

 
Levensthein distance: min nr of edits to 
transform two words to same 
Missing Values: 

 

Hypothesis: ℎఏ = 𝑦ො(௠) = 𝜃଴ + 𝜃ଵ𝑥(௠) Residual: 𝜖௠ = 𝑦(௠) − 𝑦ො(௠) 

Loss: 𝐿𝑅𝑆𝑆 = ∑ ൫𝑦(௠) − 𝑦ො(௠)൯
ଶ

 ≈ ∑ (𝑦(௠) − (𝜃଴ + 𝜃ଵ𝑥(௠)))ଶெ
௠ୀଵ

ெ
௠ୀଵ  

Cost: 𝐽(𝜃଴, 𝜃ଵ) =
ଵ

ଶெ
∑ ൫𝑦(௠) − 𝑦ො(௠)൯

ଶெ
௠ୀଵ MSE: ଵ

ெ
∑ ൫𝑦(௠) − 𝑦ො(௠)൯

ଶெ
௠ୀଵ  

Rooted Mean Squared Dev: √𝑀𝑆𝐸 MAE: ଵ

ெ
∑ |𝑦(௠) − 𝑦ො(௠)|ெ

௠ୀଵ  

Coefficient of DeterminaƟon: Explains the fracƟon of variance explained 

by the model. 𝑅ଶ = 1 −
ௌௌೝ೐ೞ

ௌௌ೟೚೟
; 𝑆𝑆௥௘௦ = ∑(𝑦௜ − 𝑦ො௜)

ଶ ; 𝑆𝑆௧௢௧ = ∑൫𝑦௜ − 𝜇௬൯
ଶ
  

AssumpƟons: Linearity (I/O have linear rel.), Independence (residu-
als/samples are independent), Normality (larger deviaƟons from mean 
are less likely), HomoscedasƟcity (Error dist. is the same for all inputs,fan) 

 

MulƟ:  
Dimensions: 𝑋: 𝑀 × (𝑁 + 1), 𝜃: (𝑁 + 1) × 1, 𝑦: 𝑀 × 1 

Hypo: ℎఏ(𝑧) = 𝜃்𝑧 = ∑ 𝜃௝𝑧௝
௡
௝ୀ଴ Pred: ℎఏ(𝑧(௠)) 

RegularizaƟon: 𝐽(𝜃) =
ଵ

ଶெ
ൣ𝑐𝑜𝑠𝑡𝐹𝑛 + 𝜆 ∑ 𝜃௝

ଶ௡
௝ୀଵ ൧Ensure 𝜃 is not too big 

Hyperparameter: λ, can be chosen, tuning(search) to find “best” one 

Repeat: 𝜃௝ = 𝜃௝ − 𝛼
డ

డఏೕ
𝐽(𝜃). For 0 no x 

Batch: ଵ

ெ
∑ ൫ℎఏ൫𝑥(௠)൯ − 𝑦(௠)൯𝑥(௠)ெ

௠ୀଵ  

SGD: Shuffle data, for i=1-M, for j=1-N 
𝜃௝ = 𝜃௝ − 𝛼൫ℎఏ൫𝑥(௜)൯ − 𝑦(௜)൯𝑥௝

(௜) 
Learning Rate: Needs to be in the mid-

dle, dynamic. Decay: 𝛼௧ =
ଵ

ଵାௗ௘௖௔௬∗௧
𝛼଴ 

Mini batch: SGD but  batch 1 ≤ 𝑏 ≤ 𝑀 

Hypo: 𝑦ො = ℎఏ(𝑥) = 𝑔(𝜃଴ + 𝜃ଵ𝑥) = 1/(1 + 𝑒ି(ఏబାఏభ௫)) 
Log-Loss: (ℎఏ(𝑥), 𝑦) = −𝑦 log൫ℎఏ(𝑥)൯ − (1 − 𝑦) log൫1 − ℎఏ(𝑥)൯

 

Accuracy: corr/all Precision: TP/(TP+FP) 
Recall/TPR/Sens: TP/(TP+FN) 
Confusion Matrix: TP&TN / PN&PP 

F1:2 ௣௥௘௖∗௥௘௖௔௟௟

௣௥௘௖ା௥௘௖௔௟
=

ଶ்௉

ଶ்௉ାி௉ାிே
→1 good 

MulƟ: Calc for every class and average 

is macro. Micro prec: ∑ ்௉ೖ
಼
ೖసభ

∑ (்௉ೖାி௉ೖ)಼
ೖసభ

 

K-Fold: Shuffle. Divide into k-folds. Hold 
out 1 k for test, train with rest. Repeat 
with all k. take average of all k errors 
LOOCV: ^but k=M, good for small data 
StraƟfied: Each fold needs same distro 
Learning Curves: error=train, validaƟon  

 
Pipeline: Task_Def>Data_Coll+Label> 
Model_Sel<>Eval> Deploy&Monitor 

SoŌmax Reg: 𝑃(𝑦 = 𝑘|𝑥) =
௘೥ೖ

∑ ௘
೥ೕ಼

ೕసభ

 

 
Dropout: drop mulƟple random nodes 
during each training round 
BackpropagaƟon: Los: out*(1-out) 

  

 

 

Sample Space: set of all possible out-
comes of an experiment. Any subset of 
the sample space is called an event => 
outcome, or a set of outcomes. 
Probability: 0-1 of how likely 
Random Variable (RV): num. quanƟty 
from  the outcome of random process 
Axioms: 1. non-negaƟvity 2. Certainty 
(sum of all=1) 3.AddiƟvity (for mutually 
exclusive, disjoint events) 
Joint: A and B / intersecƟon = * 
CondiƟonal: that B occurs given that A 
occurs P(B|A) = P(A∩B) / P(A) 
Law of total probability: Calc chance of 
each unique scenario, add them up 
weighted by how likely they are 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
Maximum Likelihood EsƟmaƟon (MLE): Find params to maximize likeli-
hood funcƟon. negaƟve log-likelihood easier to calc, instead of sum –
[log(p)+…] => it becomes a minimizaƟon problem 

Maximum A-Posteriori EsƟmaƟon: 𝜃ெ஺௉ = 𝑎𝑟𝑔𝑚𝑎𝑥 ఏ
௉൫𝑋ห𝜃൯∗௉(ఏ)

௉(௑)
=

𝑃(𝜃|𝑋) where 𝑷(𝑿|𝜽) is the likelihood, P(𝑿) is the evidence, 𝑷(𝜽) is the 
prior probability 

Input: Dataset, MinPts, ε 
1. Select an unprocessed 
point P(mark aŌer) 2. If P 
is not a Core Point? Clas-
sify as noise and go back 
to 1 3. Start new cluster 
and add P + all neigh-
bours within ε of it. 4. For 
each neighbour that is a 
core point, recursively 
add all its neighbours to 
the cluster, repeat unƟl 
no more can be added, 
then go back to 1 

 
disease test that is 99% accurate, 1% of 
populaƟon has disease then. P(Dis-
ease)=0.01 ; P(Pos|Disease)=0.99 so

 
𝑃(PosiƟve)=𝑃(Pos|Disease)⋅𝑃(Disease) 
+𝑃(Pos|No Disease)⋅𝑃(No Disease)  

DefiniƟons: Leaf(end), samples(training in-
stances),value(samples in each class), impure(mix 
of classes) 

Gini: 𝐺(𝑄௜) = 1 − ∑ 𝑝௜,௞
ଶ௄

௞ୀଵ ; 𝑝௜௞ =
ଵ

ெ೔
∑ 𝐼(𝑦 = 𝑘) 

How oŌen is random(according to node distro) 
element incorrectly labelled, max = 0.5 
Weighted Gini: Weight of childs = goingTo/all. 
Then mulƟply weight*Gini for each child and add 
InformaƟon Gain: Gini(parent)-Weighted Gini^ 
Entropy: 𝐻(𝑄௜) = − ∑ 𝑝௜௞ logଶ 𝑝௜௞

௄
௞ୀଵ ; 𝑚𝑎𝑥 = 1 

Algorithm: Separate to maximize informaƟon 
Gain, all possible splits, do again for every split  
Regression Trees: Predict the average numerical 
value over samples that land in the node, training 
with CART but for training use MSE  
RegularizaƟon: Pre-Pruning(Min-Sample Pruning: 
Only split nodes with at least k samples, Max-
Depth Pruning: Restrict the maximum depths of 
the tree), Post-Pruning (Use validaƟon data to de-
cide for each leaf whether it is "reasonable") 
Random Forests: Train different diverse! trees by 
bagging and average decision (Ensemble). For 
classificaƟon hard(majority) or soŌ(class with the 
highest cumulated probability) voƟng 
Bagging: with replacement(pasƟng without) Out-
of-bag error:  Samples can be leŌ out, rate these 
elements that were aŌer wrongly classified

 

Dimensions: Features Class Labels: −1 and +1 
Separate with N-1 dimensional hyperplane 
𝑏 + 𝑤ଵ𝑥ଵ + ⋯ + 𝑤ே𝑥ே = 0, take sign for label 
Margin: distance of the hyperplane to the 
closest training samples (guƩers) 
Support Vectors: Datapoints closest to HP 

Distance Point to HP: |𝑤|| = ඥ𝑤ଵ
ଶ + … + 𝑤௡

ଶ 

 𝑟(௠) = 𝑦(௠) ൬
ଵ

ห|௪|ห
(𝑤்𝑥(௠) + 𝑏)൰  

 

NormalizaƟon: 𝑥ᇱ =
௫ି௫̅

௦ೣ
𝑠௫ = ට

∑ (௫೔ି௫̅)మಿ
೔సభ

ே(ିଵ)
  

SoŌ margin: Max +𝐶 ∑ 𝜖௠
ெ
௠ୀଵ ; 𝑡𝑜 1 − 𝜖௠ 

C is hyperparam >=0, controls how many 
points violate plane(-C=more)=>bias-variance? 

Kernel-Trick:   

 

Learn the joint probably for each class P(X,Y) Of observing 
class y for features X. Use Bayers to calc P(Y|X). Discrimi-
naƟve models learn the condiƟonal probability distribu-
Ɵon (𝑌|𝑋) directly, generaƟve know how data is placed 
throughout the space. Inference: Gen(Highest prob), 
Disc(decision boundary) Naïve Bayes: AssumpƟon all fea-
tures are condiƟonally independent => Bernoulli, MulƟ-
nomial, Gaussian. Works even if not true someƟmes 

 

Goals: Understanding(natural), IdenƟficaƟon, re-
ducƟon(find repr.) and outlier detecƟon SoŌ(Prob-
ability for cluster) or Hard(unique cluster) 
Similarity: Jaccard Distance (Intersect/Union), Eu-
clidean ||2 (𝑑(𝑝, 𝑞)ଶ = ∑(𝑞௜ − 𝑝௜)ଶ), ManhaƩan 
(straight line, 𝑑ଵ(𝑝, 𝑞) = ||𝑝 − 𝑞||ଵ = ∑ |𝑝௜ − 𝑞௜|) 

1. Init (Random, Forgy(random from training), 
ParƟƟon(Randomly assign a cluster to each 
point)k centroids 2. Assign each datapoint to 

closest k 𝑓(௧)(𝑥௜) = 𝑎𝑟𝑔𝑚𝑖𝑛 𝑗 ฮ𝑥௜ − 𝑐௝
(௧)

ฮ
ଶ
3. 

Recalculate centroids as the mean of all points 
assigned to that cluster=>2 4. Convergence 
with Ɵme complexity O(iter*k*dataPoints*dim) 

WCSS: 𝐽(𝐶, 𝑓) = ∑ ฮ𝑥௜ − 𝑐௙(௫೔)ฮ
ଶ௡

௜ୀଵ  
Clusters: Init has big impact. Elbow Run with 
mulƟple k values and graph, select k where el-
bow point is. SilhoueƩe Cohesion a is average 
distance between points in same cluster, Sepa-
raƟon b is average distance between point and 

all points in nearest cluster. 𝑠 =
௕ି௔

୫ୟ୶ (௔,௕)
. High+ 

DefiniƟons: minPts (min nr of points (a threshold) 
clustered together for a region to be considered 
dense), ε (distance, (x,y) < ε), Core point (has at 
least minPts points within distance ε from it), Bor-
der point(has at least one core point within dis-
tance ε), Noise point(is neither) ProperƟes: Run-
ninƟme of O(n^2) or even O(nlogn) for indexed 
data. No need to specify k. arbitrarily shape,noise 


