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Block I. Knowledge-driven Al

» Early Al focused on explicit knowledge: facts, rules, ontologies.
« Computers reason by logic (propositional, first-order).
o Expert systems use “if-then” rules and inference engines.
« Applications in biomedicine:
 Clinical decision support (diagnosis from symptoms).
* Ontologies (Gene Ontology, SNOMED CT) for structuring biological
knowledge.
e Rule-based planning in experimental workflows.
« Key idea: Instead of learning from data, the system reasons from encoded human
knowledge.




Block I. Knowledge-driven Al
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Block I. Knowledge-driven Al
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Block I. Knowledge-driven Al

Knowledge graph
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Block I. Knowledge-driven Al

Knowledge graph




Block |I.

Knowledge-driven Al

DATA-DRIVEN

Data acquisition

Data verification DEEP LEARNING
Al experience

Convergence training

Black Box

EXPENSIVE

CONVERSATIONAL Al

KNOWLEDGE-DRIVEN

TAXONOMIES

Document curation
INSTANT LEARNING Editorial effort
Instant training
Transparent
AFFORDABLE

CONVERSATIONAL Al - 85% +




Block Il. Machine learning

Artificial Intelligence

¢—————— Creating intelligent machines
mimicking human intelligence.

Machine Learning ¢«—————— Algorithms enabling computers to
learn from data.

Computational models with
interconnected artificial neurons.

Deep

Learning Neural networks with multiple

layers for hierarchical
representation learning.




Block Il. Machine learning

Input Machine Learning
> Techniques

Output

* Stock Data « Regression ® Stock Price Prediction
* Customer _ * Market Segmentation
Transaction Data e Clustering
: B * Recommendations
* Streaming Data * Association Rule Systems

* Email text » Classification * Spam Detection




MACHINE LEARNING

Block Il. Machine learning

. SUPERVISED UNSUPERVISED
I 5 rt
erinciod gk uppor LEARNING LEARNING
Component Decomposition Machine Random
Analysis Forest
Classification
[ Yy 'l 5 r ™
CLASSIFICATION REGRESSION CLUSTERING
J ok J
K-Means Supervised Linear
Learning Regression "' ™ i ™ ' ™y
Maive Bayes Linear Regression K-Means, K-Medoids
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Regression [ b 4 B £ B
MNearest Ngighbnr GLM Fuzzy C-Means
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K-Nearest Logistic A
Neighbors Regression Discriminant Gaussian Process Hierarchical
Analysis
¥ o 9 A
Temporal SARSA h ( )
Difterence Support :Veclor Gaussian Mixture
Machines
. /A
- . Pz )
Decision Trees Hidden Markov Model
: B w A
Monte Carlo Q-Learning d )
Ensemble Methods
. /
' B
Meural Networks




Block Il. Machine learning

Nailve Bayes classifier

classifier /
> P(doc | cat) P(cat) >
P(doc) \

p(Ck | z1, .. 'axn) = —p(Ck)Hp(fL'@ | Ck)

where the evidence Z = p(x) = Zp(Ck) p(x | Ck) i
k




Block Ill. Deep learning
Machine Learning

& &5 I

Input Feature extraction Classification Qutput

Deep Learning

& — 532 - |l

Input Feature extraction + Classification Output




Block Ill. Deep learning

Neuron

tanh(a;) " /

» s

Yn<i a; = ) ; wijy; yi = f(a;) = tanh(a;)
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Neuron Output

Impulses Carried
Toward Cell Body

Dendrites ‘

)

\_'
)

Cell Body

Branches of
Axon

Axon
Terminals

Nucleus

e e
Impulses Carried
Away from Cell Body




Block Ill. Deep learning
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Block Ill. Deep learning

John J. Hopfield Geoffrey Hinton

“for foundational discoveries and inventions that “for foundational discoveries and inventions that
enable machine learning with artificial neural enable machine learning with artificial neural
networks” networks”

© Nobel Prize Outreach. Photo: Nanaka Adachi © MNobel Prize Outreach. Photo: Clement Morin




Block Ill. Deep learning

David Baker Demis Hassabis John Jumper

“for computational protein design” “for protein structure prediction” “for protein structure prediction”




Block IV. Reinforcement learning




Block IV. Reinforcement learning

Mechanical
ventilation?
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Block IV. Reinforcement learning

BM])Journals i REINFORCEMENT LEARNING

Annals of the

Rheumatic Diseases

Home Archive Volume 81, Issue 8

>

OBSERVATIONS
r State changes: 5,
I;] Thinking the unthinkable Reward: r,

Learning from chess engines: how reinforcement learning could

redefine clinical decision-making in rheumatology &

Article

info [ Thomas Hiigle

ié 1. Department of Rheumatology, Lausanne University Hospital and University of Lausanne, Lausanne, Switzerland AGENT ENVIROMNMENT
Citation (Chess engine) Sends commands: a, $

e Correspondence to Professor Thomas Hiigle, Department of Rheumatology, University of Lausanne, Lausanne 1011, Switzerland;

% thomas.hugle@chuv.ch

CLINCAL

DBSERVATIONS

' PRO, DAS28-CRP. digital
biomarker, biosensors

DrugABC T, —= stop
NT PATIENT
{Meumamﬁ:ist] Physiotherapy, nutrition ect. .
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Contents

e Introduction

e Tabular representations

 Graph-based representations

 Ontologies and taxonomies

* Vector-space representations

* Probabilistic representations

o Causal representations

 Large Language Models as implicit representations




Introduction: Why Knowledge Representation (KR)?

1. From Data to Knowledge
« Data: raw measurements (e.g., gene expression valigsjpstructures, patient records
* Information : structured data with context (e.g., gene anrmmtatiprotein—protein

Interactions).
 Knowledge integrated, interpretable representation thapsttp reasoning and decision-
making.
Atomic Coordinates: PDB Format
Tissue S wipetetion wio Diagnosis Amino Acid rChn;:qE:::a Number
Genel Gene2 Gene3 Gene4 Gene5 \ A
1 0405 0326 0234 0348 0748  normal s R T A - - i i e
2 0089 0293 0192 0123 0385 normal i e e 3 Sapee Erll  DelBR0 D
3 0459 0.125 0543 0334 0218 tumor i - TIAEY. EAEEE (EERER- au
4 0.123 0389 0238 0651 0972 normal oo Ao RETSE CZEESE (RLISE san
o R R
6 0297 0859 0219 0.783 0984 tumor ‘A

Element position within aming acid




Introduction: Why Knowledge Representation (KR)?

2. Why Knowledge Representation Matters
A central guestion in Alhow should an intelligent system represent whiataws about
the world?
« Different tasks require different representations:
« Storing and querying biological datasets (tables).
« Modeling relationships (graphs).
» Using domain vocabularies (ontologies).
e Capturing similarity (embeddings).
 Handling uncertainty (probabilistic models).
e Leveraging implicit knowledge (LLMSs).
3. The Bioinformatics Perspective
Biological systems areomplex, multi-layered, and noisy KR helps:
* Integrate heterogeneous data (omics, literatuiracal).
 Enablesemantic interoperability across databases.
e Support reasoning about biological function, disgagchanisms, and treatment
options.

Universide
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Tabular representations

Tabular Data

columns = attributes for those observations

\ : Strengths:

Player Minutes Points |Rebounds| Assists * SlmpIICIty in.tUitive and Wldely Unde.rStOOd.
- A N - = S « Standardization: CSV, Excel are universal.
B e )9 : . « Efficiency: great for storage, querying, and statistics.
c - - 5 ; » First step for most bioinformatics pipelines.
Limitations:
D 26 3 3 9 . . . .
Rows = observations | : o 0 . . * Poor at capturingelationships between entities (e.qg.,
: 5 . - iy protein A interacts with protein B).
G 14 5 . X * Rigid structure — difficult to represehterarchies
(species taxonomy) amcertain information.
| 22 36 0 9 . .
* Not well-suited fortemporal or causal dependencies
= J 34 8 1 3

Gene expression matrix

*Rows = genes, Columns = samples, Values = expressvels.
Clinical trial data :

*Rows = patients, Columns = age, treatment, resp@de effects.

ROARY:

Universide
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Tabular representations: Database

Structured Query Language (SQL)

Figure

geno idlink_id_fkey

Caption

Figure 2. Database Schema. Geno Single
database schema for the Affymetrix plat-
form. In this diagram, the rectangles corre-
spond to database tables, and the rows in
each rectangle correspond to database table
columns. The four columns in a row corre-
spond to, from left to right, database name
(column 1), data type (column 2 ... Read more

idlink_patientid fkey

Available via license: CC BY 4.0

Chono.sexd.f pheno id.frey Content may be subject to copyright.
wﬂ-ﬂ} PK
pmdnl_nmh mﬁ.‘]

SNPpy - Database Management for SNP Data from Genome Wide atszo&tudies




Tabular representations: Database
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Tabular representations: Database
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Graph-based representations

Directed graph G(V,E) Undirected graph G(V,E) Knowledge graph G(V,E) Weighted graph G{V,E)
L5

€14

Vi V2 V3 Uy

v;| o |o4a]| 0 |os

;| 0J03)| 0|05

Vg |04 |01 05| 0

Strengths:

» Natural for representingomplex biological systems

* Flexible: can represenirected/undirected, weighted/unweighted temporal edges.
 Enablegyraph algorithms: shortest path, clustering, community detection.

* Foundation foknowledge graphsandgraph neural networks (GNNSs)
Limitations::

« Can becomputationally expensivefor very large graphs.

* Requires careful design of ontology/edge semantics.

* Not always ideal fonumeric, tabular-style queries

gy
N ;\\3

'!'\-‘

W

©
B



Graph-based representations

* Protein—Protein Interaction (PPI) networks:

Nodes = proteins, Edges = physical/functional interactions.
 Metabolic and signaling pathways:

Nodes = metabolites/enzymes, Edges = reactions.
» (Gene co-expression networks:

Nodes = genes, Edges = correlation links.
 Disease—gene networks:

Nodes = diseases and genes, Edges = associations.
« Knowledge Graphs (modern extension):

Bio2RDF, Hetionet, Wikidata (biomedical subset).

Universide
San Pablg




Graph-based representations

Your Input:

@ GNAO1

GNB1
RGS16
RGS4
P RGS7
GNG2

ADRA2A Alpha-2A adrenergic receptor; Alpha-Z adrenergic receptors mediate the catecholamine- induced inhibition of adenylate cyclas...

DRD2
@ GNB4
RICBA
GNB5

Search

Guanine nucleotide-binding protein G{o) subunit alpha, Guanine nucleotide-binding proteins (G proteins) are involved as
modulators or transducers in various transmembrane signaling systems. The G(o) protein function is not clear. Stimulated
by RGS14; Belongs to the G-alpha family. G(i/o/t/z) subfamily. (354 aa)

Predicted Functional Partners:

Guanine nucleotide-binding protein G(1)/G(S)/G(T) subunit beta-1; Guanine nucleotide-binding proteins (G proteins) are involve...
Regulator of G-protein signaling 16, Regulates G protein-coupled receptor signaling cascades. Inhibits signal transduction by |...
Regulator of G-protein signaling 4, Inhibits signal transduction by increasing the GTPase activity of G protein alpha subunits th...
Regulator of G-protein signaling 7; Regulates G protein-coupled receptor signaling cascades. Inhibits signal transduction by in...

Guanine nucleotide-binding protein G(1)/G(S)/G(0) subunit gamma-2; Guanine nucleotide-binding proteins (G proteins) are invo...

D(2) dopamine receptor; Dopamine receptor whose activity is mediated by G proteins which inhibit adenylyl cyclase; Belongs t...
Guanine nucleotide-binding protein subunit beta-4; Guanine nucleotide-binding proteins (G proteins) are involved as a modulat...
Synembryn-A; Guanine nucleotide exchange factor (GEF), which can activate some, but not all, G-alpha proteins. Able to activa...
Guanine nucleotide-binding protein subunit beta-5; Enhances GTPase-activating protein (GAP) activity of regulator of G protein...

Neighborhood
Gene Fusion

Cooccurrence
Coexpression

e o e Experiments

. s o @

e Databases

Textmining
[Homology]

0.996
0.993
0.989
0.981
0.980
0.956
0.950
0.947
0.946
0.935



Graph-based representations

hydrogen bond
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Graph-based representations

Knowledge graph




Graph-based representations
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Graph-based representations
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Graph-based representations

"'\'\.‘I‘ {, P
WL \J v\\
NAPAR Y

G Undversid
' San Pabld



Ontology and Taxonomy representations

Taxonomy

Domain
Eukarya
Kingdom
Animalia
Phylum
Chordata
Class
Mammalia
Order
Carnivora

Family

Canidae

Species
Vulpes vulpes

Red fox (Vulpes vulpes)

hierarchical classification of entities




Ontology and Taxonomy representations

Ontology

richer web of
concepts and

relations

Strengths: Limitations

* Providesshared vocabularyfor a community. * Building and maintaining ontologieslebor-

» Supportgeasoning and inferencde.q., if “all kinases intensive.
phosphorylate proteins” and “X is a kinase”, thefer * Ambiguity, synonyms, and evolving biology
X phosphorylates proteins). pose challenges.

 Enablegdata integration across heterogeneous * Reasoning can bmmputationally
databases. expensiveon large ontologies.

* Foundation of th&emantic Web and FAIR principles

ROARY:

Universide
San Pablg




Ontology and Taxonomy representations

Chemical ontology Fruit ontology
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G Undversid
' San Pabld



Ontology and Taxonomy representations




Ontology and Taxonomy representations




Vector-space representations (Embeddings)

Strengths
o Capturessemantic similarity even without
explicit links.

e Continuous, compact representationgood for
ML and deep learning.

e Supportglustering, classification, search, and
integration across modalities (e.g., genes + text
+ images).

Limitations:

« Oftenopaque / hard to interpret (“black box”).

» Doesn'’t directly capturbierarchical or causal
structure.

* Requires large, high-quality training data.

ROARY:

Universide
San Pablg




Vector-space representations (Embeddings)




Vector-space representations (Embeddings)




Vector-space representations (Embeddings)




Probabilistic representations

*Real-world biological data is noisy, incomplete, and uncertain.
*Probabilistic models represent uncertainty about facts and relationships.

Bayesian networks

b Uninersidc
| San Pabld




Probabilistic representations

Bayesian networks




Probabilistic representations

Markov Random Fields and Conditional Random Fields

San Pablg



Probabilistic representations

Markov Random Fields and Conditional Random Fields

San Pablg



Probabilistic representations

Hidden Markov Models

Universide
San Pablg
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Probabilistic representations
Hidden Markov Models

https://www.ebi.ac.uk/training/online/courses/pfam-creating-
protein-families/what-are-profile-hidden-markov-models-hmms/




Causal representations

Causal graphs

https://matheusfacure.qgithub.io/python-causality-handbook/04-GraphicabCslodels. html

San Pablg



Causal representations
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LLMs

Core idea:

« LLMs (e.g., GPT, BioBERT, ESM, ProtGPT2)store knowledge in theparametersafter training
on massive corpora.

* Represent knowledgmplicitly rather than through explicit symbols, graphs, aratgns.

« Can answer questions, generate hypotheses, aggatgeacross domains.

Strengths:

« Scalable knowledge capturebillions of facts encoded in weights.

* Natural language interface can interact using plain text, bridging experd amachine.
» Cross-domain reasoningintegrate biological, clinical, and chemical kdedge.

* Few-shot/zero-shot learningapply to new tasks without retraining.

Limitations:

« Hallucinations: may generate plausible but false statements.

» Lack of explicit semantics hard to guarantee correctness or trace reasoning.
» Updating knowledgerequires retraining or fine-tuning.

* Interpretability challenge: we don’t know exactly “where” a fact is stored.

San Pablg



LLMs

https://www.wisecube.ai/blog/combining-large-language-modelskanddedge-graphs/

Universide
San Pablg




LLMs
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Lesson 3. Logical agents and expert
systems
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Propositional logic



Propositional logic



Propositional logic



First-order Logic



First-order Logic



First-order Logic



Knowledge base

Structure of a Knowledge Base

A KB typically includes:

» Facts: atomic assertions known to be true (e.g., "BRCA1 is a human gene").

* Rules:implications or constraints (e.g., "If a gene is related to DNAregban it is relevant for

cancer").
* Ontology / Vocabulary: definitions of the terms used (e.g., what counts as a gene, protein,

disease).



Knowledge base



Knowledge base
Facts: Triples in RDF model (Resource Descripticamiework)

Vocabulary: OWL

Rules: Semantic Web Rule Language (SWRL) styledwath OWL ontologies)

Inference: SPARQL

Which genes are candidate
biomarkers for BreastCancer?



Knowledge base



Knowledge base

Knowledge engineering process




Reasoning in propositional logic



Reasoning in propositional logic



Reasoning in propositional logic

SAT=Boolean SATisfiability Problem



Reasoning in propositional logic



Reasoning in propositional logic

KB

Operators



Reasoning in propositional logic



Reasoning in propositional logic



Horn clauses



Horn clauses



uer

Horn clauses



Expert systems



Expert systems



Expert systems



Expert systems



Expert systems



Al Planning



Al Planning



Al Planning



Al Planning

GraphPlan example




Adversarial games



Adversarial games



Adversarial games



Adversarial games



Adversarial games



Adversarial games



Adversarial games



Adversarial games



Adversarial games



Adversarial games



Practice

https://github.com/cossorzano/COSS DataAnalysiebuiks/blob/main/Artificiallntelligence/
Host Pathogen.ipynb




Lesson 4. Classical machine learning



Contents

 QOverview

« Overfitting and underfitting
e Evaluation metrics

* Cross validation

* Bias and variance tradeoff
* No free lunch theorem



Overview

Machine Learning = algorithms that learn patterns from data
Not explicitly programmed with rules

Goal: make predictions or decisions on new data

Two main paradigms: Supervised and Unsupervised learning



Overview

Examples: Examples:
Customer segmentation in marketing Email  spam or not spam
Reducing image data for visualization *House features market price

3 t 3



Overview

Classification Clustering

Reqgression

Dimensionality reduction




Overfitting and underfitting

« Underfitting
 Model is too simple
» [Falils to capture patterns in training data
» Both training and test error are high
» Overfitting
* Model is too complex
* Learns noise and idiosyncrasies in training data
e Training error very low, but test error high
« Good fit
« Balance between complexity and generalization
* Low training error + low test error



Overfitting and underfitting

Underfitting

Balanced

Owverfitting



Evaluation metrics

The performance of a machine learning model mushéasured quantitatively.
The choice of metric depends on the task.

Forregression problems common metrics include:

 Mean Squared Error (MSE): the average of squared differences between
predicted and true values. It penalizes large gineavily.

 Root Mean Squared Error (RMSE): the square root of MSE, expressed in the
same units as the data, which makes interpretaasrer.

 Mean Absolute Error (MAE): the average of absolute differences between
predictions and true values. It is less sensitivetttliers.

» RZ2 (Coefficient of Determination): measures the proportion of variance in the
data explained by the model, with values closdr tadicating a better fit.



Evaluation metrics



Evaluation metrics
Pearson’s correlation coefficient




Evaluation metrics

For classification problems metrics are based on comparing predicted labels t

true labels.

» Accuracy: the fraction of correctly classified examplessleasy to
understand but may be misleading in imbalancedsdtda

» Precision:the fraction of predicted positives that are trosifives, measuring
reliability of positive predictions.

* Recall (Sensitivity):the fraction of actual positives correctly ideredi
measuring how many relevant cases are found.

 F1 Score:the harmonic mean of precision and recall, usehdma balance
between the two is needed.

 ROC curve and AUC: graphical and numerical summaries of the trade-off
between true positives and false positives.



Evaluation metrics



Cross validation

To evaluate how well a model generalizes, we carglptonly on training error. We

need to test the model on data it has not seen.

« Hold-out validation is the simplest approach: the dataset is splitant@ining set
and a test set. The model is trained on one pdreaaluated on the other. The
drawback is that the result may depend too muchoswnthe data was split.

» Kk-fold cross-validation addresses this. The dataset is divided kredqual parts. The
model is trainedk times, each time leaving out one part for testimg) asing the
remainingk—1 parts for training. The final score is the averafall k tests. This
reduces the dependence on a particular split.

* Leave-one-out cross-validation (LOOCV)s the extreme case whatequals the
number of data points. Each observation is used aathe test set. It uses all data
for training but can be computationally expensive.

Cross-validation provides a more reliable estinohteodel performance and helps in

selecting models and hyperparameters.



Cross validation



Bias and variance

A model’s prediction error has two main sourdsas and

variance.

Biasis the error due to simplifying assumptions.

* A model with high bias is too rigid.

» |t fails to capture the true patterns in the data.

« Leads tosystematic errors(underfitting).

Variance is the error due to sensitivity to training data.

* A model with high variance adapts too much to noise.

« Predictions change strongly with small changes in the
data.

» Leads tgoor generalization(overfitting).

Thetrade-off:

* Increasing complexity reduces bias but increases
variance.

« Decreasing complexity reduces variance but increases
bias.

 The goal is to find a model with low total error,
balancing both.



Bias and variance



Bias and variance



No free lunch theorem




No free lunch theorem
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Overview

Linear Non-linear

Logistic Hazard



Overview
GWAS (Genome Wide Association Study)




Overview

/

QC=Quality Control



Overview



Simple linear regression

Ordinary Least Squares (OLS)




Multiple linear regression

Ordinary Least Squares (OLS)




Multiple linear regression

Example



Multiple linear regression



Multiple linear regression



Multiple linear regression



Multiple linear regression

Assumptions




Multiple linear regression

Residual analysis




Multiple linear regression



Multiple linear regression



Multiple linear regression

Polynomial fitting




Multiple linear regression

Simple linear model Polynomial model
A YA

\ =bo+bix

Yy

>
X



Multiple linear regression

Converting a problem into a linear one




Multiple linear regression



Multiple linear regression

Regression with Radial Basis Functions (RBFS)




Multiple linear regression

Multicollinearity




Regularization

Ridge regression




Regularization
Lasso regression




Regularization
Example (OLS)

Example (Lasso)




Generalized Linear Models



Generalized Linear Models



Generalized Linear Models

https://medium.com/@sahin.samia/a-comprehensivednttion-to-generalized-linear-models-fd773d460c1d




Generalized Linear Models

Example: Predict disease status (e.g., cancer vs. control) fronex@mession.



Generalized Linear Models



Non-linear regression



Non-parametric regression



Non-parametric regression



Challenges in Bioinformatics



Challenges in Bioinformatics
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Overview
ROC Curve and AUC




Overview



Overview



Data preparation



Data preparation



Data preparation



Data preparation



Data preparation

Stratified cross-validation



Data preparation



Linear classifiers

Linear Discriminant Analysis (LDA)




Linear classifiers

Linear Discriminant Analysis (LDA)

=3 =2 =1 > 1
X1

PDF of the distribution, covariance = 0

2D Gaussian distrioution, covariance = 0

2D Gaussian districution, covariance = 0.7
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Linear classifiers

Linear Discriminant Analysis (LDA)




Linear classifiers

Quadratic Discriminant Analysis (QDA)




Linear classifiers



Linear classifiers

Logistic regression




Linear classifiers



Non-linear classifiers
Support Vector Machine (SVM)




Non-linear classifiers



Non-linear classifiers



Non-linear classifiers



Non-linear classifiers



Non-linear classifiers



Non-linear classifiers

k-Nearest Neighbors (KNN) classifier




Non-linear classifiers



Non-linear classifiers

S=Covariance matrix



Non-linear classifiers



Non-linear classifiers

Classification tree




Non-linear classifiers



Non-linear classifiers

Boundaries



Non-linear classifiers



Non-linear classifiers

Random forests




Non-linear classifiers

Feature importance




Non-linear classifiers



Non-linear classifiers



Non-linear classifiers

3. Shapley values



Non-linear classifiers
3. Shapley values



Non-linear classifiers
3. Shapley values

How to interpret the shap summary
plot?

The y-axis indicates the variable
name, in order of importance from
top to bottom. The value next to them
is the mean SHAP value.

On the x-axis is the SHAP value.
Indicates how much is the change in
log-odds. From this number we can
extract the probability of success.
Gradient color indicates the original
value for that variable. In booleans, it
will take two colors, but in number it
can contain the whole spectrum.
Each point represents a row from the
original dataset.



Non-linear classifiers

Nailve Bayes




Non-linear classifiers

Gaussian Naive Bayes



Non-linear classifiers



Ensemble methods

Training Data Set

Unlabeled Data

W \ v
Data Data Data
Sampler 1 Sampler 2 Sampler K
Dataset 1 Dataset 2 Dataset K
| | |
V WV v
Classifier 1 Classifier 2 Classifier K

~

Classifiers Combiner

|

Predicted Labels
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Ensemble methods



Ensemble methods



Ensemble methods
AdaBoost




Ensemble methods
XGBoost



Ensemble methods



Challenges in Bioinformatics
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Challenges in Bioinformatics
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Overview

Euclidean distance
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Overview



Overview

T

We saw this in the
previous lecture



Overview

Feature extraction




Linear dimensionality reduction
Principal Components Analysis (PCA)




Linear dimensionality reduction



Linear dimensionality reduction




Linear dimensionality reduction



Linear dimensionality reduction



Linear dimensionality reduction



Linear dimensionality reduction



Non-linear dimensionality reduction

Manifolds




Non-linear dimensionality reduction



Non-linear dimensionality reduction



Non-linear dimensionality reduction



Non-linear dimensionality reduction



Non-linear dimensionality reduction



Non-linear dimensionality reduction

https://www.nature.com/articles/s41467-019-13056-x




Non-linear dimensionality reduction



Non-linear dimensionality reduction



Non-linear dimensionality reduction



Non-linear dimensionality reduction

Autoencoders




Non-linear dimensionality reduction



Non-linear dimensionality reduction
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— PCA

* Non-linear dimensionality reduction
— Manifolds, t-SNE, UMAP



Practice

https://qgithub.com/sdawley1/ML-Cancer-Classification/blob/mamal%20Project.ipynb
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Overview

Stochastic optimization




Overview

Why deep learning now

Many parameters require many training examples (big data).

GPUs have largely accelerated the calculations:
— Tensorflow/Keras (Google)

— Pytorch (Facebook)

— Jax (Google)

Advances in stochastic optimization.
Advances in network architectures.



Overview

Architecture




Deep neural network

Architecture




Overview



Overview

https://medium.com/@Impo/a-brief-history-of-ai-with-deep-lears2dd7948bc87b




Overview

https://medium.com/@Impo/a-brief-history-of-ai-with-deep-lears2®67948bc87b




Basic networks



Basic networks



Basic networks

A single neuron
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Basic networks

Multilayer Perceptron




Basic networks

Forward pass




Basic networks

Loss function




Basic networks

Backward pass




Basic networks



Basic networks

Forward pass

Backward pass




Basic networks



Basic networks



Regularization



Regularization



Architectures



Architectures



Architectures

Pooling operation




Architectures



Architectures



Architecture

Local receptive field




Architectures



Architecture



Architecture



Architecture

Long Short-Term Memory (LSTM)




Architecture



Architecture

Transformers




Architecture



Attention

We can think of self-attention as a mechanism that enhances
the information content of an input embedding by including
information about the input’'s context. In other words, the self-
attention mechanism enables the model to weigh the
importance of different elements in an input sequence and
dynamically adjust their influence on the output.

https://sebastianraschka.com/blog/2023/self-attention-from-scratch.html




Self Attention, Step 1: Embedding



Self Attention, Step 2: Query, key, value
construction

* ,and* are- .- matrices
*,lisa 7.- matrix



Self Attention, Step 3: Compute attention scores

Unnormalized query Normalized attention scores




Self Attention, Step 4: Compute weighted value




Positional encoding

Without positional encoding, the input symbols would be treated as independent tokens. Positional
encoding allows the network to consider the location of the symbol within the sequence.



Positional encoding



Generative Pre-trained Transformer (GPT)

https://www.mdpi.com/2227-7390/11/11/2451




BERT

Masked language training

Next sentence training




BERT

https://towardsdatascience.com/a-complete-guidaetd-with-code-9f87602e4a11/




Autoencoders



Variational autoencoders



Generative Adversarial Networks (GANS)

Real faces
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Diffusion models



Applications



Applications



Applications
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Practice

https://qgithub.com/cossorzano/COSS DataAnalysis notebooks/blob/main/
ImageProcessing/micCleaner _Unet.ipynb
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Overview

https://www.youtube.com/watch?v=C5LOgWMtFrY
https://www.youtube.com/watch?v=fBiataDpGlo




Overview

Learn Optimal Policies: The primary goal is to learn a policy (a mapping from states to
actions) that maximizes cumulative reward over time.

Maximize Long-Term Reward: RL seeks immediate gains and long-term benefits by
optimizing for the expected return, often discounted over time.

Balance Exploration and Exploitation. An RL agent must explore new actions to discover
their potential while exploiting known actions that yield high rewards.

Adapt to Dynamic Environments RL systems aim to learn and adapt their behavior througt
interaction in possibly changing or unknown environments.

Learn from Interaction Without Supervision : Unlike supervised learning, RL does not rely
on labeled input/output pairs; instead, it learns through trial and errordogatihg with an

environment.



Overview

states



Overview



Multiarmed bandits

Imagine you have several slot machines, each giving random rewards from ardkistnbutions.
Some pay off more often than others, but you don’t know which ones. The chadlengmill the
levers in a way that maximizes your total reward over time, balgm@exploration of new machines

with exploitation of those that seem best.

https://gibberblot.github.io/rl-notes/single-agemulti-armed-bandits.html




Multiarmed bandits



Multiarmed bandits

Action-value methods




Multiarmed bandits

Action-value methods: -greedy strateqy




Multiarmed bandits

Action-value methods: -greedy strateqy

The first 10 actions are exploratory.

True distribution



Multiarmed bandits

Action-value methods: bandit algorithm

Stationary bandits

Non-stationary bandits




Algorithms

Action-value methods: UCB algorithm




Algorithms

Dynamic programming




Algorithms

Dynamic programming




Algorithms

Dynamic programming




Algorithms
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Algorithms

Comparison SARSA vs Q-learning

Monte Carlo
Tree Search



Algorithms
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Applications



Applications



Practice

Dynamic programming

https://github.com/cossorzano/COSS DataAnalysiebuiks/blob/main/MachineLearning/reinf
orcementLearning Grid.ipynb




