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Introduction to
Autoencoders

Autoencoders are a type of neural network architecture that learns
to compress and reconstruct data. They are a powerful tool for

dimensionality reduction and feature extraction.
An autoencoder consists of two main components: an encoder and
a decoder. The encoder compresses the input data into a lower-

dimensional representation, while the decoder reconstructs the

original data from the compressed representation.
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Autoencoders

An autoencoder 1s simply a neural network that 1s
trained to perform the task of encoding and decoding an
item, such that the output from this process 1s as close to

the original item as possible. Crucially, 1t can be used as
a generative model, because we can decode any point in
the 2D space that we want (1n particular, those that are

not embeddings of original items) to produce a novel
item of clothing.
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- Y The Autoencoder Architecture

/_‘ An awutoencoder is a neural network made up of two

parts
e * An encoder network that compresses high-dimensional
| input data such as an image Into

* alower-dimensional embedding vector
e A decoder network that decompresses a given

embedding vector back to the original domain (e.g., back
* to an image)
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In this diagram of the network architecture:

An input image is encoded to a latent embedding
vector z, which is then decoded back to the original
pixel space.

Decoder



mipocea
What we mean by an embedding?

The embedding (z) is a compression of the original image into
a lower-dimensional latent space. The idea is that by choosing any
point in the latent space, we can generate novel images by passing
this point through the decoder, since the decoder has learned how to
convert points in the latent space into viable images.
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Autoencoders as Denoising Models

Autoencoders can be used to clean noisy images, since the encoder
learns that it is not useful to capture the position of the random noise
inside the latent space in order to reconstruct the original.

For tasks such as this, a 2D latent space is probably too small to
encode sufficient relevant information from the input. However, as
we shall see, increasing the dimensionality of the latent space quickly
leads to problems if we want to use the autoencoder as a generative
model.
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Limitations of Vanilla Autoencoders

« Vanilla autoencoders are good at reconstructing input data, but they lack the ability to generate new
data points.

 They do not capture the underlying probability distribution of the data, limiting their ability to generate

realistic and diverse samples.
« Autoencoders can struggle with high-dimensional data, and may not be able to efficiently represent

complex relationships between features.
« They are prone to overfitting, especially when dealing with complex data and limited training

samples.
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Variational Autoencoders(VAES)

Variational Autoencoders (VAEs) are a type of generative
model. They are a more sophisticated version of traditional
autoencoders. They introduce a probabilistic interpretation to

the latent space. This allows VAEs to generate new data
points that are similar to the training data.

The key difference between VAEs and traditional
autoencoders is the use of a probabilistic latent space. The
encoder in a VAE learns a probability distribution over the
latent space. The decoder then generates data points based
on this distribution. This allows the VAE to generate data
points that are more diverse and realistic than a traditional
autoencoder.
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Understanding the VAE Encoder Architecture

Input Layer

The encoder receives raw input
data, such as images or text, and
transforms it into a high-

dimensional representation.

Hidden Layers

A series of hidden layers extract
relevant features from the input
data, progressively reducing its

dimensionality.

Latent Space

The encoder outputs a lower-
dimensional representation of the
input data, which resides in the

latent space.
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Understanding the VAE Architecture

Encoder

The encoder network maps input
data to a latent representation.
This representation is typically a
lower-dimensional vector,
capturing the essential features of

the input.

Decoder

The decoder network reconstructs
the input data from the latent
representation. It uses the learned
latent space to generate outputs

similar to the training data.

Latent Space

The latent space is a lower-
dimensional space where the
encoder maps the input data. This
space is crucial for capturing the
underlying data distribution and
enabling generation of new data

points.
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Encoding and Decoding in VAEs

Encoding

1 The encoder takes an input data point and transforms it into a latent representation. This
representation captures the essential features of the input data, compressing it into

a lower-dimensional space.

Latent Space

2 The latent space is where the encoded representation resides. It is a lower-dimensional

space that captures the underlying structure of the data distribution.

Decoding

3 The decoder takes the latent representation and reconstructs the input data. This
reconstruction aims to be as close as possible to the original input data, demonstrating the

VAE's ability to capture the essential features of the data.
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The encoder and decoder are the two main components of a VAE. The encoder maps the input data to a lower-
dimensional latent space, while the decoder reconstructs the original data from the latent representation. The
connection between these two components is crucial for the VAE's ability to learn meaningful representations of the
data.

Input Data

1 The input data is fed into the encoder, which compresses it into a lower-dimensional
representation.
Encoder

> The encoder transforms the input data into a latent representation, capturing the

essential features of the data.

Latent Space

5 The latent space is a lower-dimensional representation of the input data, where each
point corresponds to a specific combination of features.
Decoder

4 The decoder takes the latent representation as input and reconstructs the original
data from it.
Output Data

. The output data is a reconstruction of the original input data, generated by the

decoder from the latent representation.
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Choosing the Loss Function

The loss function is a critical component of the VAE's training process. It measures the difference between the original
data and the reconstructed data, guiding the model to learn better representations. The loss function typically
consists of two terms: the reconstruction loss, which measures the difference between the original and reconstructed

data, and the KL divergence, which encourages the latent distribution to be close to a prior distribution.

Reconstruction Loss KL Divergence

Measures the difference between the original data and Measures the difference between the latent distribution
the reconstructed data. It encourages the model to and a prior distribution. It encourages the latent
generate reconstructions that are as close as possible to distribution to be smooth and well-behaved, preventing

the original data. the model from collapsing to a single point.



. MIDOCEA|
Reconstructing Images UNIVERSITY

One of the key applications of VAEs is image reconstruction. Given an input image, the VAE can generate a reconstruction that captures the

essential features of the original image. This ability is particularly useful for tasks such as denoising, inpainting, and image compression.

Original Image Reconstructed Image

The original image is noisy and blurry, making it difficult to The VAE has successfully reconstructed the image, removing the

discern the details. noise and artifacts and revealing the underlying details of the cat.
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x«m Vlsuallzmg the Latent Space

The latent space of a VAE is a lower-dimensional representation of the input data.

‘ T '-' '- By visualizing the latent space, we can gain insights into how the VAE has learned to
represent the data. For example, we can see how different images are clustered

together based on their semantic similarity.

1 Clustering 2 Smoothness
Images with similar features, The latent space is typically
such as cats or dogs, tend to smooth and continuous, allowing
cluster together in the latent for interpolation between
space. different points in the space.

3 Dimensionality Reduction

The latent space reduces the dimensionality of the data, making it easier to

— Sl ' analyze and understand.
stz Ao L‘Oc.udo
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Generating New Images

One of the most exciting applications of VAEs is image generation. By sampling from the latent space, we can generate
new images that are similar to the training data but not identical. This ability allows us to create novel and creative

images that capture the essence of the training data.

Sampling Generating new images by sampling from the latent
space.
Interpolation Generating new images by interpolating between

existing points in the latent space.

Extrapolation Generating new images by extrapolating beyond the

range of the training data.
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Latent Space Arithmetic

One of the fascinating aspects of VAEs is the ability to perform arithmetic
operations in the latent space. By manipulating the latent vectors, we can control
the features of the generated images. For example, we can add or subtract latent

vectors to create images that combine or differ in specific ways.

Adding Latent Vectors Subtracting Latent Vectors
Combining the features of two Highlighting the differences

images by adding their between two images by subtracting
corresponding latent vectors. their corresponding latent vectors.

Scaling Latent Vectors

Enhancing or diminishing specific features of an image by scaling its

corresponding latent vector.
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Practical Considerations and Hyperparameter Tuning

The performance of a VAE is heavily influenced by the choice of hyperparameters, such as the learning rate,

the size of the latent space, and the architecture of the encoder and decoder. Hyperparameter tuning is an

essential step in optimizing the VAE's performance andensuring its effectiveness for a specific task.

Learning Rate 1
Controls the step size during the optimization
process. A higher learning rate can lead to faster 2

convergence but may also result in instability.

Encoder and Decoder Architectures 3

The choice of network architectures for the
encoder and decoder can significantly impact
the model's performance. Experimenting
with different architectures can lead to
improvements in reconstruction quality and

iImage generation.

Latent Space Dimensionality

Determines the complexity of the latent
representation. A higher dimensionality
allows for more complex representations but

can also increase the computational cost.



MIDOCEAN

Probabilistic Interpretation
of VAEs

Unlike traditional autoencoders, VAEs introduce a probabilistic
perspective. Instead of directly encoding the input to a fixed latent
representation, VAEs learn a probability distribution over the latent
space. This distribution captures the uncertainty inherent in the data,

allowing for a more flexible and expressive generative model.

This probabilistic interpretation enables VAEs to generate new data
points that are similar to the training data but not exact copies. The model
learns to capture the underlying distribution of the data, allowing it to
produce realistic variations. This ability to generate new and diverse data

is a key advantage of VAEs compared to traditional autoencoders.



Building the VAE encoder MR

The encoder part of a variational autoencoder is responsible for compressing the input data into a lower-dimensional representation called the

latent space. This compression process is crucial for the generative capabilities of the VAE.

The encoder takes the input data and maps it to a distribution in the latent space. This distribution is typically chosen to be a Gaussian distribution

with mean and variance parameters. The encoder outputs these parameters, which allow the decoder to later reconstruct the input data from the

latent space.

1 Input data
Encoder network
2
Neural network
Latent space
3

Gaussian distribution

The encoder can be implemented using a neural network, similar to the encoder in a standard autoencoder. However, in the case of VAEs, the

encoder is designed to learn a probabilistic mapping from the input space to the latent space.
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Training Variational Autoencoders

Training a Variational Autoencoder (VAE) is an essential step in utilizing these powerful
generative models. This process involves optimizing the VAE's parameters to accurately
capture the underlying data distribution and generate realistic samples. The training process
typically involves minimizing a carefully constructed loss function, which balances the
reconstruction error and the KL divergence, ensuring that the learned latent space effectively

represents the data.
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Training a variational autoencoder requires a specific approach due to the probabilistic nature of the model. We utilize a technique called the
"reparameterization trick" to handle the sampling of latent variables. This trick allows us to backpropagate through the sampling process, enabling

the model to learn the optimal distribution of latent variables.

The training process involves minimizing a loss function that combines reconstruction error and KL divergence. The reconstruction error measures
the difference between the input and the reconstructed output, while the KL divergence ensures that the distribution of latent variables is close to a

standard normal distribution. This balance ensures that the model learns both to reconstruct data and to generate new samples that are similar to

the training data.

Optimize Loss Function

1
Reparameterization Trick
2
Sampling Latent Variables
Backpropagation
3

Learning Optimal Distribution
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Parameterizing the Encoder IR e Y
Distribution '

Mean Vector

1 Represents the center of the Gaussian distribution in latent space,

indicating the most likely location of the latent representation.

Variance Vector

2 Defines the spread of the Gaussian distribution, reflecting the

uncertainty associated with the latent representation.
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Sampling from the Encoder Distribution

Step

1

Action

Generate random noise from a standard normal

distribution.

Scale the noise by the variance vector.

Add the scaled noise to the mean vector to obtain a

sample from the encoder distribution.
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Reparameterization Trick and Sampling

1 Reparameterization Trick

The reparameterization trick is a key technique used in VAEs to
ensure that the gradients can be backpropagated through the
sampling process. It allows us to sample from a distribution

while maintaining differentiability.

2 LatentDistribution

The latent distribution represents the probability distribution of
the latent variables in the VAE. This distribution captures the
underlying data distribution and allows us to generate realistic

samples.
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Reparameterization Trick and Sampling

3

Sampling
The sampling process involves drawing samples
from the learned latent distribution. This allows us to

generate new data points that resemble the training

data.

Differentiability

Differentiability is essential for training VAEs. It
allows us to optimize the model parameters by
backpropagating gradients through the sampling
process. The reparameterization trick ensures this

differentiability.
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Training the VAE: Loss Functions and
Optimization

Loss Function Description

Reconstruction Loss Measures the difference between the input data and the

reconstructed output.

KL Divergence Measures the difference between the learned latent
distribution and a prior distribution (usually a standard

normal distribution).
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Regularization and Hyperparameter Tuning

Regularization Hyperparameter Tuning

Regularization techniques, such as L1 or L2 Hyperparameters, such as the learning rate, latent
regularization, can be applied to the VAE's weights to dimension, and regularization strength, need to be
prevent overfitting. These techniques help to reduce carefully tuned to achieve optimal performance. This
the complexity of the model and improve its typically involves experimenting with different values and
generalization ability. evaluating the model's performance on a validation set.
Validation Set Overfitting

A validation set is used to assess the model's Overfitting occurs when a model learns the training
performance on unseen data. This helps to prevent data too well, but fails to generalize to new data.
overfitting and provides an unbiased estimate of the Regularization and hyperparameter tuning help to

model's generalization ability. mitigate overfitting.
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Backpropagating through the Sampling

Process

17 - Reparameterization Trick

Allows gradients to flow through the sampling process by introducing a

differentiable transformation, enabling optimization.

2 Gradient Calculation

Gradients are computed for each parameter of the encoder based on the

loss function.

Z - Parameter Update L i~

Encoder parameters are adjusted based on the calculated gradients, | ——

improving the model's performance.
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Optimizing the VAE

Gradient Descent Batch Training

An iterative optimization algorithm The encoder is trained on multiple
that updates encoder parameters input data samples in batches to
based on the gradients computed improve efficiency and stability.
during backpropagation.

Early Stopping

A technique used to prevent overfitting by monitoring the model's performance

on a validation set and stopping training when performance plateaus.
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Analysis of the Variational Autoencoder

Analyzing the performance of a VAE is crucial for understanding its strengths and limitations. This involves evaluating
the model's ability to reconstruct the input data, generate new images, and capture the underlying structure of the

data. By analyzing the model's performance, we can identify areas for improvement and optimize its training process.

Reconstruction Quality Image Generation Quality Latent Space Analysis

Evaluating the model's ability to Assessing the model's ability to Examining the latent space to
reconstruct the Iinput data generate new Iimages that are understand how the model has

accurately. realistic and diverse. learned to represent the data.
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Analysis of the Variational
Autoencoder

We can examine the generated samples from the VAE to evaluate its
performance. If the generated samples are realistic and diverse, this
indicates that the VAE is learning meaningful representations of the data.
We can also inspect the latent space to see how well it captures the

underlying structure of the data.

For example, we can visualize the latent space by plotting the latent
representations of different data points. By analyzing the distribution of
the latent representations, we can understand how the VAE is organizing
the data in the latent space. This can provide insights into the
relationships between different data points and how the VAE is learning

to represent them.
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Latent Space Exploration

The latent space is a hidden representation of data, learned by the variational autoencoder. Analyzing the
distribution of data points in this space reveals insights into the underlying relationships and structure of the
data. This allows us to understand how the VAE has learned to represent and generate data.
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Visualization of Latent Space

We can visualize the latent space using dimensionality reduction techniques, such as t-SNE or PCA. This allows
us to see how different data points cluster together in the latent space, highlighting the relationships between the
data points and providing a deeper understanding of the model's internal representation.
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Exploring the Latent Space

One of the most fascinating aspects of VAEs is the latent
space. It's a low-dimensional representation of the input
data. We can navigate this space to generate new data
points. This allows us to explore the underlying structure of

the data and generate new variations.
We can visualize the latent space by plotting the latent

vectors for various data points. This visualization allows us
to see how the VAE has clustered similar data points

together in the latent space. It's a powerful tool for

understanding the data and identifying patterns.
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Understanding Latent Space Structure

The latent space is a representation of data in a lower-dimensional
space. By exploring this space, we can gain insights into the
underlying structure of the data. For example, we can observe how

changes in the latent space affect the generated outputs.

Generating Novel Data

The latent space enables the generation of novel data points by
sampling from the distribution. By moving through the latent space, we
can create new data instances that resemble the original training data
but with variations. This capability is crucial for applications like image

synthesis or music composition.
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Conclusion and Key Takeaways

Q & 5

Generative Power Latent Representation Uncertainty Modeling

VAEs can generate new data VAEs learn a compact latent VAEs can model the uncertainty
samples that resemble the training representation that captures the inherent in the data, allowing for

data distribution. essence of the data. more robust predictions.
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