Learning types

Supervised Learning: Using annotated(labelled) data. Input Matrix X =
M(Nr of training samples) X N(Nr of features). Output Vector
y = M. Goal is to find function f(X,,.) - y™

Unsupervised Learning: No labelled data. Goal is to identify and ex-
plain patterns and apply the model to new data => Fuzzy problem state
Clustering: Grouping objects in clusters with similar other objects
Dimensionality Reduction: Transform data without losing information
Reinforcement Learning: Agent observes environment, performs ac-
tion, gets reward/punishment, adjust policy(strategy) by itself

Definitions
Features: Individual measurable
properties: Independent Variables,
Predictors, Attributes or Covariates
Classification: Predict a discrete cate-
gory or class label, fixed nr of output
Regression: Predict a continuous nu-
merical value or quantity, find trend
Instance based: Pred based on data
Normal Equation: For Linear Regress

Linear Regression

0y + 6:x™ Residual: €™
Loss: LRSS = yM_ (y(m) - 37("1))2 ~yM_ (y(m) — (8, + 6,x(™))?
Cost: (6o, 01) = = Sy (y™ — 9) MSE: 25 _, (™) — m)’
Rooted Mean Squared Dev: VMSE MAE: ﬁZmzl [y — 5|
Coefficient of Determination: Explains the fraction of variance explained
by the model. R? = 1= 2,55, = 51y, = %3 S0 = (v — 1,)”

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

Hypothesis: hy = §(™ = = ym _ 5(m)

e y(l) 1 2@
5(2) y(2) 1 2@ 90
2(M) y(M) 1 (M)

Ne=y—X0=>0=XTX)"1XxTy
Residual Plot: Scatter of pred vs res
Standard res: res/st.dev(res)

Model Complexity: -Bias (Too many
assumptions=>underfitting), Variance
+(too much attention=>overfitting)

sample means Closed Form Equations
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Dlmensmns:X:M X(N+1),0:(N+1)x1,y:Mx1

Polynomial Regression
Hypo: hy(z) = 07z = Z}‘ 00;z;Pred: hy(z(™)
Regularization: /(6) =

[costFn + AX7, 67]|Ensure 6 is not too big

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

Logistic Regression
Hypo: § = hy(x) = g(8 + 6,x) = 1/(1 + e~ o+
Log-Loss: (hg(x),y) = —ylog(he(x)) — (1 — ¥)log(1 — he(x))
Logistic regression (two classes) Py =1lz) =
P(yzl\z):a(z):m 1+ e~ (wTa) i
whiate 2 = %% P(y:O\z):l—P(y:llz):m

(wTe)

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

precsrecall __ 2TP

F1:2 —1 good
prec+recal 2TP+FP+FN
Multi: Calc for every class and average
Tk=1 TPk

is macro. Micro prec: —g=o——
R (TPR+FPY)

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
Stratified: Each fold needs same distro
Learning Curves: error= train, validation

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

Y1 A;B;

T et fzrer

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

Ignore the Enter Value
Tuple Manuall .

[ emimemyems + effective for smalldatasets ) ( +
+no computational effort + "reaf” value

cosl =

Use Attribute
Mean

+ simple to implement

- I0ss of information

- unnecessary if the

attribute is not needed
N

- not for large datasets
- time consuming
- error-prone

Use a Generic
Constant
P

(+canbocasiydone ) +mostacourate

- not the most accurate
approximation of the value

J J

Use Most
| Probable value |
+ most accurate
approximation of the value

- does not depend on
attribute values

- most computational effort

Gradient Descent
]
aa—gj](e). For 0 no x
Batch: > S1_, (hy (x (™) — y(™)xm
SGD: Shuffle data, for i=1-M, for j=1-N
_ i AWO)
0 =6;— a(hg(x@) - y@)xj
Learning Rate: Needs to be in the mid-

Repeat: 0, = 0, —

dle, dynamic. Decay: oy = ———«
» ay y: e 1+decayst ©

Mini batch: SGD but batch1 <b <M

Neural Networks (z; = w/x + wy;)
eZk

—Z'
1—121

Les(@™,y™) = - Z v log g™
k=1

Softmax Reg: P(y = k|x) =

—log y("‘) (c is the correct class)
= —logp(y™ = 1ja™)
exp(w!z™)

=1

layer

hidden layer 1~ hidden layer 2

<:

Dropout: drop multiple random nodes

Pipeline: Task_Def>Data_Coll+Label>

Model Sel<>Eval> Deplov&Monitor

. |occurs P(B|A) =
*|Law of total probability: Calc chance of

Probabilities
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. quantity
from the outcome of random process
Axioms: 1. non-negativity 2. Certainty
(sum of all=1) 3.Additivity (for mutually
exclusive, disjoint events)

== |Joint: A and B / intersection = *

Conditional: that B occurs given that A
P(ANB) / P(A)

each unique scenario, add them up

during each training round
Backpropagation: Los: out*(1-out)
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Support Vector Machines Decision Trees Bayes’ Theorem Generative Models
Dimensions: Features Class Labels: -1 and +1 |Definitions: Leaf(end), samples(training in- Bayes Theorem: P(4|R) = ZC1E2 0 %‘”P”‘” Learn the joint probably for each class P(X,Y) Of observing
vidence . . .
Separate with N-1 dimensional hyperplane stances),value(samples in each class), impure(mix |gisease test that is 99% accurate, 1% of C|35.5 y for;ea;tl:res X. :se Bac\ll.e_"s tOIC3|CbP(Z_||?()~ ;)_ISCTLmI'
b+ Wi X4 + -+ WnXy = 0, take sign for label |of C|aSSeS) populaﬁon has disease then. P(D|S' :iatlveyn;(o de § ilarn the cot? Itll(ona Fl:ro ad Itlty. |S|tr| :-
in. di - 1 . on irectly, generative know how data is place
Margin: distance of the hyperplane to the Gini: G(Q;) = 1 — XK_ . pZ;pix = EZ I(y = k) |ease)=0.01 ; P(Pos| Disease)=0.99 so (Y1X) Y, 8 . p
closest training samples (gutters) How often is random( ding t ld distro) | P(Discase|Positive) = ZPomtiDienm) P(Diens throughout the space. Inference: Gen(Highest prob),
Support Vectors: Datapoints closest to HP ow o e_n is random(according to node distro " _ FiBositie] Disc(decision boundary) Naive Bayes: Assumption all fea-
Distance Point to HP: [wl| = yZ T o1 w2 element incorrectly labelled, max = 0.5 P(P05|hve)=R(Pos|Dlsease).-p(D|sease) tures are conditionally independent => Bernoulli, Multi-
' VP T T Wn |\ Weighted Gini: Weight of childs = goingTo/all.  |+P(Pos|No Disease)-P(No Disease) nomial, Gaussian. Works even if not true sometimes
rm =y (L wTxm 4 b)) Then multiply weight*Gini for each child and add i = s : ,
[Iwl| . o . N Probability Distribution DBSCANoise Algo
P — . = e B Information Gain: Gini(parent)-Weighted Gini* e _
Minimise [[w|[*  subjectto y (b+wxm) =1 form=1,.,M Entropy: H(Q ) _ ZK p lOg Di s max = 1 Normal fla;p,0) = a\/lﬂe_ﬁ( =) 1 (mean), o (standard deviation) Input: Dataset, MinPts, €
_ - : i) = — Lk=1Dik 1082 Dik » = HER, o3>0
R - IR, (=92 . ' N . 1. Select an unprocessed
Normalization: x' = xs_"gx = \/% Algorithm: Separate to maximize information Bernoulli P(X =z;p) =p"(1 —p)'* for z € {0,1} p (probability of success) 0 < p < | . t P(mark ?t )2.1FP
x - . . . . . 1 point P(mark after) 2.
— M . Gain, all possible splits, do again for every split
Soft margin: Max +C Y- €mito 1 — €, R .p T ) E di hg v p_ | Binomial ~ P(X = k;n,p) = (N)p*(1 —p)"~* for k=0,1,..,n n (number of trials), p (proba- |[is Not a Core Point? Clas-
Cis hyperparam >=0, controls how many egression Trees: Predict the average numerica gilityifiuccess per trial) n € N, Slfy as noise and go back
; in <p<
points violate plane(-C=more)=>bias-variance? value over samples that land in the node, training ' e ) N ' : to 1 3. Start new cluster
el with CART but for training use MSE Beta f(z0,8) = 55— for0<z<1 g,f é_.shdpc parameters) a > 0, o p | o
L2090 = s ) . . and a + all neigh-
2 ¢ ! .‘ ) ® margi volation: £, > 0 RegUIarlzahon- W(Mm'sample Prunmg. Uniform f(z;a,b) = ﬁ fora<z<b a,b (minimum and maximum bours within € of it. 4. For
. ST SN £ 2 1 . Only split nodes with at least k samples, Max- ) o o ' nlega<y cach neighbour tha;t i's A
el . Depth Pruning: Restrict the maximum depths of Maximum Likelihood Estimation (MLE): Find params to maximize likeli- .gt .
) — . S i i _likeli i i — |core point, recursive
positive sam \Zs.y =41 o @ support vector: € = 0 the tree), Post-Pruning (Use validation data to de- hood function. negative log-likelihood easier to calc, instead of sum o F|)| iAol Yt
% e samSlos: ™ = 1| e " => inimizati add all its neighbours to
e o rnesaigesamplessy™ =1 cide for each leaf whether it is "reasonable”) [log(p)+...] => it becomes a minimization problem Y10 the clust 8 £ uni
Sg x . . . o p «P(0 e cluster, repeat un
T 5, / . * [Random Forests: Train different diverse! trees by |Maximum A-Posteriori Estimation: Opap = argmax g PX]0)-P©) L())() © _ 16 More can bpe added
24 x . .. ’
-'l‘\ §\ . . . . . . .
S0 2 bagging and average decision (Ensemble). For 1 p ) vy where P(X|8) is the likelihood, P(X) is the evidence, P(8) is the |then go back to 1
Kernel-Trick: classification hard(majority) or soft(class with the prior probability
- Linear kernel:k (x®,x) = TN_, x{x 0 highest cumulated probability) voting
~ this yields the standard support vector classifier 1 Bagging: with replacement(pasting without) Out- Clustering (Unsupervised) K-Means
- Polynomial: K(x®,x0) = (LVH(DTX(;))“ =(c+32hax"x?) | of-bag error: Samples can be left out, rate these |[Goals: Understanding(natural), Identification, re- |1. Init (Random, Forgy(random from training),
= Prevarisee: = El dsgresici elements that were after wrongly classified duction(find repr.) and outlier detection Soft(Prob-|Partition(Randomly assign a cluster to each
) ;{a\::t:l :a_sil ?;;;)__ 0~ finear kernel Booterapping the daladung vanng - Agregating i ndvcualpredicions | gty for cluster) or Hard(unique cluster) point)k centroids 2. Assign each datapoint to
’ Sample 1 h e . PP . . _ 2
K60, x) = exp (I —xO|*) = exp ,yZN:(xm ) saries — | 2 . — Similarity: Jaccard Distance (Intersect/Union), Eu- | |oqest i fOx) = argminj ||x; — c.(t)” 3.
' SV T complets Trningset | S5 clidean | |2 (d(p, q)? = Y(q; — p;)?), Manhattan !
n=1 Llvcedall ) i i , daiiiiditall . .
_ parametery Sample 1 ooy CeST Decision Tree 2 (straight line, . (0.a) = 11 — all, = 3 s — a;l) Recalculate centroids as the mean of all points
s Samplo2 —» .‘ﬁ % — >0 bt ! ' T {assigned to that cluster=>2 4. Convergence
g e Sample 3 . . . . . .
Models Comparison g — — DBSCAN with time complexity O(iter*k*dataPoints*dim)
EmEE— Definitions: minPts (min nr of points (a threshold) WCEss: J(C, f) = X7, llx — crox 2
Generative Can generate new data More (x_)mputationally Sample 5 clustered to ether fOI’ a region to be considered 4 i=1 2 f(xi)
e camples S lexpensive g g i Clusters: Init has big impact. Elbow Run with
- . aeitg;‘indema"dmg o gzstﬂgzt:ggzgndence 34 B 10 2 dense), € (distance, (x,y) <€), Core point (has at multiple k values and graph, select k where el-
& Robust with limited alx;) = =4 12 = "= |least minPts points within distance € from it), Bor- bow point is. Silhouette Cohesion a is average
data 7 . . L . .
Discriminative More accurate for Cannot generate data bxy) . (6 +8 10+ 12) 5 dim(has at least one core point within dis- distance between points in same cIuster, Sepa-
classification samples X = i ] = i i i i ies: - . . . .
.{_"‘j;‘: Weak assumptions for  Less interpretable ' 2 2 taTnc-e E)' M(IS nelther) Proper?'les. Run ration b is average distance between pOII’]t and
5 features independence cug 3 nintime of O(n”*2) or even O(nlogn) for indexed all boints in nearest cluster. s b=a_ jeon.
3 . e 8 — = . o . intsi uster.s = ————. Hi
(oot | | SHll) = — =5 — A data. No need to specify k. arbitrarily shape,noise | ° max(ab) '




