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Applied Data Analytics: from foundations to modern AI inference

Applied Data Analytics (Usually in November)

Core data-science workflow: data preparation, supervised learning, regression, classification, imbalanced 
data, deep learning, CNNs, time series, unsupervised learning, clustering and latent-space exploration.

Advanced Applied Data Analytics (Usually in January) 

Modern AI methods: generative models, autoencoders, transformers, foundation models, GNNs, 
probabilistic learning, Bayesian uncertainty, hyperparameter tuning, dimensionality reduction and 
knowledge-informed neural networks.

Focus of this Lecture 

Foundation Models, Simulation-based inference https://arxiv.org/abs/2508.12939

https://arxiv.org/abs/2508.12939


Artificial Intelligence in Astrophysics

➔ Artificial Intelligence is the broad field of building systems 
able to perform tasks that usually require human 
intelligence.

➔ Machine Learning is a subfield of AI where algorithms learn 
patterns from data rather than being explicitly 
programmed.

➔ Deep Learning is a subfield of Machine Learning based on 
neural networks with many layers, able to learn complex 
representations.

➔ Foundation and generative models are large
deep-learning models trained on broad data sets and 
adapted to many downstream tasks



Machine Learning versus Deep Learning

XenonStack

https://www.xenonstack.com/blog/data-science/log-analytics-with-deep-learning-and-machine-learning


Applied Data Analytics Today

Today’s Data

● High Granularity: Observations and measurements 
are detailed and fine-grained in real-world 
phenomena.

● Complexity: Data is often high-dimensional, 
heterogeneous, and intricate.

● Large Scale: Data volume is significant, with some 
experiments generating terabytes of data per 
instance.

Analytical Challenges

● Data-Driven Discovery: Using data to drive new 
scientific insights.

● Model Refinement and Development: Improving 
existing models or creating new ones to better 
explain real-world phenomena.

● Complexity of Analysis: Analysis becomes 
challenging due to data size and complexity, 
necessitating advanced tools and techniques.

● Need for New Tools: New data analysis and 
intelligence techniques are essential to handle these 
challenges effectively.

Machine Learning

● Efficiency in Analysis: Machine learning enables rapid 
analysis using pre-existing algorithms, as long as you 
maintain control over the process.

● Applied Research Focus: In this course, we will use machine 
learning from an applied research perspective, focusing on 
practical applications.

Note: 
We will not develop new machine learning algorithms but will 
focus on applying existing ones.

Data Science

● Rapidly Evolving Field: Data science is a fast-growing 
area, driven by scientific needs across various domains 
(e.g., biology, medicine).

● Cross-Domain Applicability: An algorithm developed for 
one field, like biology, could potentially be adapted for 
use in another domain.



Machine Learning versus Programming. And Unsupervised Learning

Programming:

In traditional programming, you start with data and a set of rules. These 
rules are manually defined and applied to the data, producing the 
desired results.

Supervised Machine Learning:

● In supervised learning, we have both the input data and the 
expected results (labels).

● We use this labelled data to train a machine learning model, 
which learns the rules that map inputs to outputs, allowing us to 
generalize and make predictions on new data.

Unsupervised Learning:

● In unsupervised learning, we have only the input data without 
any labels or predefined rules.

● The goal is to discover the underlying structure of the data, 
such as finding clusters or reducing dimensionality, to 
understand patterns, relationships, or similarities within the data.



The Modern Data Science Workflow

● Raw Data → Cleaning
Real-world data is often imperfect. Cleaning ensures correctness, 
consistency, and usability.

● Feature Design
We transform raw variables into informative features that help models 
understand patterns.

● Model Building
Using machine learning methods, we learn relationships within the data.

● Evaluation
We assess the model’s performance on unseen data to check its 
generalization ability.

● Interpretation & Insight
Beyond accuracy, the goal is to extract scientific understanding and 
meaningful conclusions.



Supervised and Unsupervised Learning

Supervised Learning 

Definition: The model learns and makes inferences from 
labelled data.

How it Works: During training, the model is provided 
with both input data and the correct output labels, 
allowing it to learn the desired patterns or relationships.

Common Uses: Used primarily for Classification 
(categorizing data) and Regression (predicting 
continuous values).

Suppose we have 10,000 images of trees and houses. In 
supervised learning, each image is labelled as either 
“tree” or “house” (or as "0" and "1").

● The model uses these labels to learn the 
differences and similarities between the 
categories, allowing it to identify trees and 
houses based on known labels.

Unsupervised Learning

Definition: The model learns and makes inferences from 
unlabelled data.

How it Works: The model analyses the features of the input 
data to identify patterns or clusters, grouping similar data 
points without prior knowledge of labels.

Common Uses

Often used for:

● Visualization and Clustering: Grouping similar items 
for easier analysis and subsequent labelling.

● Generative Modelling: Learning data distributions to 
generate new samples.
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With unlabelled images of trees and houses, the model 
clusters similar images together based on features, such as 
shape and colour, without knowing the true label. It simply 
groups them by visual similarity.



Semi-supervised learning (SSL)

Alfonso IbañezSupervised learning requires a large amount of labeled data, which 
is often difficult to obtain.

Semi-supervised learning (SSL) is a method that combines 
elements of supervised and unsupervised learning, allowing us to 
benefit from both approaches.
In SSL, we use a mix of labeled and unlabeled data:

● This approach exploits a small amount of labeled data and a 
large amount of unlabeled data to train the model, making it 
practical for situations where labeling all data would be too 
time-consuming or costly.

Example Workflow:

Suppose you have a large dataset with mostly unlabeled data, and labeling each item individually would be impractical:

1. Label a small portion of the data and use it to train an initial model.
2. Use this model to pseudo-label the remaining unlabeled data.
3. Re-train the model on both the labeled and pseudo-labeled data for improved accuracy.

This method enables effective learning even with limited labeled data, making SSL especially useful in real-world applications 
with large datasets.

https://business.blogthinkbig.com/author/alfonsoibanezen/


Types of Machine Learning systems: Self-Supervised and Reinforcement Learning

Self-Supervised Learning

Self-supervised learning aims to mimic the way human infants learn 
about their environment without direct supervision.
The model learns from unlabelled data by creating pretext tasks:

● These tasks involve generating pseudo-labels from the data 
itself, such as predicting parts of an image from other parts, 
filling in missing words in a sentence, or identifying 
relationships between data points.

● By solving these tasks, the model learns useful 
representations of the data that capture meaningful 
patterns and structures.

In self-supervised learning, the model essentially creates its own 
labels, building a labelled dataset from the original unlabelled data. 
It then uses these labels to learn in a way similar to supervised 
learning, allowing it to generalize well to new tasks.

Reinforcement Learning

In reinforcement learning, an agent interacts with an 
environment by performing actions and receives 
rewards (or penalties) based on its performance.

This approach is effective in scenarios where there is 
continuous feedback for the agent’s actions.

Applications include:

● Gaming (e.g., training agents to beat world 
champions)

● Robotics (e.g., teaching robots to walk)
● Self-driving cars



Reproducibility is essential in scientific data analysis, as it 
ensures that:

• Scientific results are credible
 People must be able to repeat your experiment and obtain 
consistent conclusions.

• Debugging is possible
 Re-running exactly the same pipeline helps identify bugs 
and understand changes in model behaviour.

• Collaboration is smoother
 Colleagues (and your future self) must be able to re-run the 
notebook and reproduce your results.

• Long-term projects remain coherent
 PhD analyses span years. Reproducibility guarantees you 
can re-run older experiments without confusion.

Reproducibility: A Pillar of Research

How to Ensure Reproducibility in Practice

1. Fix random seeds
 Ensures consistent train/test splits, shuffling, weight initialization, 
and model training behaviour.

2. Structure notebooks clearly
 Keep cells in order, avoid re-running cells randomly, and place 
imports + seed settings at the top.

3. Keep dataset metadata
 Record dataset version, preprocessing steps, feature definitions, 
and acquisition conditions.

4. Save model versions
 Store model architecture, weights, hyperparameters, and 
preprocessing objects (scalers, encoders).

5. Use consistent train/test splits
 Fix the random state and save or log the indices used in each split.



ML & DL: Learning rules and representations from data

In Supervised Machine Learning, 
we need three things:

Input Data Points:

These can include tables, catalogues, time series, 
images, sound files, or videos.

Expected Output Examples:

  This is what the data represents, often referred to as 
“labels.” Labels guide the model in understanding the 
desired outcome.

A Measure of Performance:

To assess how well the algorithm is performing, we 
compare its output to the expected output. This 
comparison provides feedback, helping to fine-tune the 
model and improve its predictions. This adjustment 
process is what we refer to as learning.



Classification and Regression

Transforming Data through Machine Learning and Deep Learning

The primary challenge in machine learning and deep learning is to transform data 
meaningfully. This means learning useful representations of the input data that bring us 
closer to the desired output.

● Deep Learning focuses on creating multiple layers of increasingly meaningful 
representations. These layers allow the model to capture complex patterns and 
nuances within the data.

Common Goals in ML & DL:

Classification of Data Samples:

● Binary Classification: Extracting signals for a yes/no decision.
● Multi-Class Classification: Separating data into multiple categories.

Property Reconstruction:

● Predicting continuous values on independent datasets (Scalar Regression).

Data Generation and Representation Learning:

● Generating new data samples or learning high-quality data representations.



Supervised Learning: Binary Classification 

Supervised Learning: Binary Classification

Binary classification is the task of classifying data into two distinct 
categories (A and B).

● Objective: Separate data into two classes (A and B), also 
known as binary classification.

● Capability: Machine learning can identify both linear and 
non-linear relationships in data, allowing for flexible 
decision boundaries.

● Mutually Exclusive Classes: The classes are exclusive, 
meaning that each data point belongs to only one class.
○ The sum of predicted probabilities for both classes is 

always 1.
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Source

Y. Becherini et al., 2011 (Astrop. Phys., Vol 34, 12, 2011, 858-870)

Examples of Binary Classification Tasks:

● Classifying healthy food vs. junk food
● Identifying spam emails vs. non-spam emails
● Differentiating gamma rays vs. protons
● Detecting credit card fraud
● Analyzing Twitter sentiment (e.g., Happy vs. Sad Tweets)
● Distinguishing spiral vs. elliptical galaxies

https://vitalflux.com/classification-problems-real-world-examples/
https://www.sciencedirect.com/science/article/abs/pii/S0927650511000673


Supervised Learning: Multiclass Classification 

In multiclass classification, we aim to classify data into more than two categories (e.g., 
classes A, B, and C).

● Objective: Classify data into multiple distinct classes, also known as multiclass 
classification.

● Mutually Exclusive Classes: Each data point belongs to only one class.
○ The sum of predicted probabilities across all classes is equal to 1

Examples:

● Recognizing digits (0 to 9)
● Identifying characters (A to Z)
● Classifying images of various objects (e.g., animals, fruits, buildings)

Source

🔵🟢🔴

https://indico.fnal.gov/event/20538/contributions/58209/attachments/36462/44379/Conley_2019April23_SNBWorkingGroupMeeting.pdf


Supervised Learning: Multi-label Classification 

Multi-label classification allows multiple labels to be assigned to each 
instance of data.

Each label is treated as a separate binary classification problem, 
meaning that each label is evaluated independently.

For each label, the model predicts a probability between 0 and 1.

● If the predicted probability for a label is greater than 0.5, the 
label is assigned.

The probability assigned to one label does not affect the probabilities of 
other labels, as each label prediction is independent.

Mathworks

Examples of Multi-Label Classification:

● Movies: Tags like horror, romance, adventure, and action 
can be assigned in various combinations (e.g., horror + 
action, romance + adventure).

● Images: Multiple objects in an image can each be 
identified with separate labels (as shown in the figure).

● Research Articles: Papers can have multiple tags, such as 
computing + social sciences, physics + mathematics, or 
machine learning + biology.

🏷🏷

https://fr.mathworks.com/help/deeplearning/ug/multilabel-image-classification-using-deep-learning.html


Supervised Learning: Regression

Supervised Learning: Regression

Regression is a type of problem where the output variable is a real continuous 
value.

Many models can be used for regression, with linear regression being the 
simplest. In linear regression, the model tries to fit the data with the best-fitting line 
(or hyperplane) that captures the relationship between the independent variables 
and the dependent variable.

You can perform regression to predict a single output or multiple outputs at the 
same time.

Examples of Single-Output Regression:

● Predicting a person’s age
● Estimating house prices
● Calculating the energy of a particle
● Assessing the severity of a disease

Example of Multiple-Output Regression:

● Predicting both the degree of insulin resistance and the age of onset of 
Type-II diabetes in adults

Source

M. Senniappan, Y. Becherini et al, JINST (2021)
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Y. Becherini

https://medium.com/@jairiidriss/evaluation-metrics-for-regression-problems-machine-learning-767be2d53050


Unsupervised Learning & Generative Models

Unsupervised Learning

In unsupervised learning, the system learns patterns from 
unlabelled data without supervision.

Common Applications:

● Clustering: Grouping similar data points together.
● Visualization and Dimensionality Reduction: 

Simplifying data for easy visualization.
● Anomaly Detection: Identifying unusual or novel 

data points

Generative Models

Generative models aim to learn dense representations of input data, 
known as latent representations, which can be used to generate new 
data.

Autoencoders

● Efficiently create compressed, dense representations (latent 
representations) of input data.

● Useful for dimensionality reduction and visualization.
● Act as feature detectors and can generate new data that closely 

resembles the input data.

Generative Adversarial Networks (GANs)

GANs generate new data using two neural networks:

● Generator: Attempts to create data similar to the training data.
● Discriminator: Attempts to distinguish between real and fake data 

generated by the generator.



Science: Astrophysics

● Machine Learning is widely used in 
Astrophysics and Particle/Astroparticle 
Physics, with several successful applications in 
regression, classification, and generative 
models.

Applications in Astroparticle Physics:

● Event Reconstruction: ML is used to determine 
the properties of incoming "events" caused by 
particles from the Universe.

● Phenomena Classification: Helps in 
distinguishing between different astrophysical 
phenomena.

● Synthetic Data Generation: Generates 
additional data samples to enhance analyses 
and simulations.

In Gamma-Ray Astronomy:

● Advances in Classification: Improved classification techniques have 
significantly enhanced detection sensitivity.

● Increased Discoveries: More astrophysical sources are now being 
identified and studied thanks to enhanced sensitivity. 

● Expanded Knowledge: ML contributes to a deeper understanding of the 
energetic processes in the Universe.

● High Classification Accuracy: Achieves classification rates of up to 95% 
signal with only 1% background remaining.

Y. Becherini



Convolutional Neural Networks

Source

Feature extraction Latent space

The latent space is an abstract multidimensional space that 
encodes a meaningful internal representation of externally 
observed events

Samples that are similar “in the external world” are 
positioned close to each other in the latent space.

Classification

Regression

Mean Absolute Error

Mean Squared Error

Mean Absolute Error

Mean Squared Error

https://www.mdpi.com/2076-3417/10/4/1245


Latent space

In the feature extraction phase, the model has captured 
the important patterns of the input that are needed for the 
image classification task. 

In the latent space, images that depict the same object 
have very close representations. 

Generally, the distance of the vectors in the latent 
space corresponds to the semantic similarity of the raw 
images.

The green points correspond to the latent vector of each 
image extracted from the last layer of the model. 

We observe that vectors of the same animals are closer to 
the latent space. 

Therefore, it is easier for the model to classify the input 
images using these feature vectors instead of the raw 
pixel values.

Source

But … difficult to interpret the latent space meaning

https://www.baeldung.com/cs/dl-latent-space


➔ Astrophysics now combines heterogeneous data, complex 
instruments and simulations.

➔ AI first appears as a predictive tool: classification, regression, 
ranking and pattern detection.

➔ Deep learning extends the input space: images, spectra, 
light curves and detector events.

➔ Prediction is not yet scientific inference.

➔ Physical claims require likelihoods, posteriors, uncertainties, 
simulations and validation.

➔ The shift is from ML as a final predictor to ML inside 
calibrated inference workflows.

➔ Foundation models aim at reusable representations across 
surveys, messengers and modalities.

➔ Discovery goes beyond classification: AI can reveal 
anomalies, rare objects and new questions.

➔ AI does not replace physical reasoning. It connects data, 
simulations and physical understanding

Key concepts



Key concepts



What do we ask AI to do in Astrophysics? 





Two questions behind machine learning analysis



From raw data to scientific discovery

The encoding phase choice defines the representation, while the inference choice defines the scientific object



How is information normally encoded?



The richness of the latent space depends on the learning signal 



30

Deep Learning & Transfer Learning

Transfer Learning Fine-Tuning Techniques Benefits for Astrophysics

Transfer Learning involves taking a 

pre-trained model, originally trained on 

a large dataset, and adapting it for a 

different but related task.

Fine-tuning can include modifying the 

architecture, adjusting hyperparameters, 

and training with a smaller, 

domain-specific dataset to improve 

performance.

This approach significantly reduces 

training time and resource requirements, 

enabling researchers to use existing 

models for analyzing astrophysical data.

Deep Learning

You use the data in your possession to train a model: light curves, images, etc

● But the data you have might not be enough to train a good model, or you do not 

possess enough labelled data. Or it will require exorbitant computing times that you 

do not possess 

● Possible solutions: improve labelled data statistics, use GANs, take more data

● OR: Transfer Learning, especially if you use images or Time Series



Foundation models as reusable encoders for scientific data  

Foundation models are useful for small data samples, but they are limited to point-like predictions



TabPFN



Blazar evolution beyond discrete classes

● We classify blazars from the Fermi 4LAC-DR3 catalogue, focusing 
on blazars of uncertain type.

● The analysis uses XGBoost as a strong supervised benchmark 
and TabPFN as a foundation model for tabular data.

● The high-dimensional latent space is reduced to a 
two-dimensional representation of the blazar population.

● The result suggests a continuum between FSRQs and BL Lacs, 
with Changing-Look Blazars as possible transitional objects.

● Here the ML output is not only a label. A probability score plus 
latent-space structure becomes a way to discuss physical 
evolution.

● Oukacha & Becherini, 
Towards a unified scheme of blazar evolution, A&A, 
arXiv:2507.03088.



DINO



MOMENT



Notebooks

Hands-on Colab notebooks (Focus on Foundation Models and Simulated-Based 

Inference)

1. Classification of Fermi blazars with the TabPFN Foundation Model
2. Galaxy type through the DINOv2 foundation model 

https://drive.google.com/file/d/1_kDhwgToIQIQN3GgQIP-ORmkTgqPvCt5/view?usp=sharing
https://drive.google.com/file/d/1iKFJhbY58qXHwxmBwHNl7bVs6WOLT0G3/view?usp=sharing


Probabilistic Learning:

● Bayesian Neural Networks
● Knowledge-Informed NN
● Simulation-Based Inference























Prior Distribution Shape and Input Data Relationship

The shape of the prior distribution for weights should 

reflect the scale and variability of the data and should 

align with the characteristics of the data.

Indicates equal belief in all 
values within the range. 
Suitable for scenarios where 
there's no initial preference 
for any value within a certain 
bound.

Indicates that values close to 
the mean are more likely. 
Suitable for data that clusters 
around a central value with 
possible deviations.

Useful for modelling the time 
until an event occurs. 
Suitable for data where large 
values are less likely than 
smaller values.

Versatile shape, can be 
symmetric or skewed.  
Can represent a wide range of 
beliefs.

Good for modelling continuous, 
positive-valued data. 
Skewed shape, can adjust with 
parameters. 



Prior Distribution Shape and Network Behaviour

Choice of Gaussian Priors with small 
variance as a regularization term to 
penalize large weights and prevent 
overfitting. More on this on next slide.

Using Heavy-Tailed Priors like the 
Student's t-distribution to allow the 
network to express higher uncertainty 
in predictions.

Hierarchical Priors or Mixture-of-Gaussian 
Priors allow for more flexible modelling of 
weight distributions and can adapt to shifts in 
data distribution.
A simple case involves a Gaussian distribution 
for weights, where the mean of this Gaussian 
is itself drawn from another Gaussian 
distribution.

Overfitting Control Uncertainty Quantification

Robustness to Data Shifts

Laplace Priors encourage sparsity in the 
network weights.

This property is particularly beneficial in 
scenarios involving high-dimensional data, 
where it aids in feature selection, 
enhancing both the model's performance 
and interpretability.

Sparse Feature Selection



Gaussian Priors

Gaussian priors are centred around 
zero, with smaller weights being more 
probable. The variance of the 
bell-shaped curve determines how 
quickly probabilities decrease as we 
move away from the mean.

Using a Gaussian prior is equivalent to 
adding an L2 regularization term to the 
loss function. It penalizes large weights 
by discouraging the model from fitting 
the training data too closely.

Gaussian priors implicitly regularize the 
model, encouraging weight 
configurations that favour simpler, more 
generalizable patterns.

Gaussian priors act as a smoothing operator, leading to smoother decision boundaries or function 
approximations. This makes the model more robust to small variations in the training data.

Nature of Gaussian Priors Regularization Effect

Impact on Learning Dynamics

Gaussian priors encourage the model 
to learn simpler, more general patterns 
rather than complex patterns that fit the 
training data's noise. They help in 
maintaining a balance between fitting 
the training data well and not becoming 
overly complex.

Overfitting Prevention

















Simulation-Based Inference: learning the inverse problem from simulations





Learning the inverse probabilistic map with SBI

Conditional Normalizing Flows

NPE training learns the inverse probabilistic map: 

The normalizing flow is the flexible density model used to represent that inverse map.



How can we build simulations for SBI?



Uncertainty in the SBI posterior

The SBI posterior represents uncertainty about the 
parameters after conditioning on the observed data and 
on the assumed simulator, prior, and trained neural 
estimator.

So:

● If the simulator is correct and the neural estimator is 
well trained, the posterior mainly reflects aleatoric 
uncertainty plus genuine parameter degeneracies.

● If the simulator, prior, training set, or density 
estimator is imperfect, the posterior also contains 
epistemic uncertainty.



Notebooks

Hands-on Colab notebooks (Focus on Foundation Models and Simulated-Based Inference)

1. Simulation-based inference (SBI) for a toy gamma-ray spectrum (model-driven 
simulation)

2. SBI-inspired posterior classification of Fermi AGN (data-driven simulation)
3. SBI flare-parameter inference from a Fermi-LAT light curve (semi-empirical parametric 

Monte Carlo simulator)
4. SDSS photometric redshift with SBI / NPE (data-driven simulation)

https://drive.google.com/file/d/1a3P6dVQMwTZQ5u9cDJUioxV1KsH-yIID/view?usp=sharing
https://drive.google.com/file/d/1j5b9nK9Kbwa8uF_ZKDwpjrLOC2E6UxVF/view?usp=sharing
https://drive.google.com/file/d/1789EqGyWdGz1elj0w8L8nyIVByRJUS9h/view?usp=sharing
https://drive.google.com/file/d/1YD2kdI6C_ii8PngjINvWoXyKiAMwef82/view?usp=sharing

