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Conclusion

Wow, that was fast! You are really good if you got here and managed to understand most of
the book’s material.
If you look at the number at the bottom of this page, you see that we have overspent paper,
which means that the title of the book was slightly misleading. I hope that you forgive me
this little marketing trick. After all, if I wanted to make this book exactly a hundred pages, I
could reduce font size, white margins, and line spacing, or remove the section on UMAP and
leave you on your own with the original paper. Believe me: you would not want to be left
alone with the original paper on UMAP!
However, by stopping now, I feel confident that you have got everything you need to become
a great modern data analyst or machine learning engineer. That doesn’t mean that I covered
everything, but what I covered in a hundred pages you would find in a bunch of books, each
thousand-page thick. Much of what I covered is not in the books at all: typical machine
learning books are conservative and academic, while I emphasize those algorithms and
methods that you will find useful in your day to day work.
What exactly I didn’t cover, but would have covered if it was a thousand-page machine
learning book?

11.1

Topic Modeling

In text analysis, topic modeling is a prevalent unsupervised learning problem. You have a
collection of text documents, and you would like to discover topics present in each document.
Latent Dirichlet Allocation (LDA) is a very effective algorithm of topic discovery. You
decide how many topics are present in your collection of documents and the algorithm assigns
a topic to each word in this collection. Then, to extract the topics from a document, you
simply count how many words of each topic are present in that document.

11.2

Gaussian Processes

Gaussian processes (GP) is a supervised learning method that competes with kernel
regression. It has some advantages over the latter. For example, it provides confidence
intervals for the regression line in each point. I decided not to explain GP because I could
not figure out a simple way to explain them, but you definitely could spend some time to
learn about GP. It will be time well spent.
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11.3

Generalized Linear Models

Generalized linear model (GLM) is a generalization of the linear regression to modeling
various forms of dependency between the input feature vector and the target. Logistic
regression, for instance, is one form of GLMs. If you are interested in regression and you
look for simple and explainable models, you should definitely read more on GLM.

11.4

Probabilistic Graphical Models

We have mentioned one example of probabilistic graphical models (PGMs) in Chapter 7:
conditional random fields (CRF). With CRF we can model the input sequence of words
and relationships between the features and labels in this sequence as a sequential dependency
graph. More generally, a PGM can be any graph. A graph is a structure consisting of a
collection of nodes and edges that join a pair of nodes. Each node in PGM represents some
random variable (values of which can be observed or unobserved), and edges represent the
conditional dependence of one random variable on another random variable. For example,
the random variable “sidewalk wetness” depends on the random variable “weather condition.”
By observing values of some random variables, an optimization algorithm can learn from
data the dependency between observed and unobserved variables.
PGMs allow the data analyst to see how the values of one feature depend on the values of
other features. If the edges of the dependency graph are directed, it becomes possible to infer
causality. Unfortunately, constructing such models by hand require a substantial amount of
domain expertise and a strong understanding of probability theory and statistics. The latter
is often a problem for many domain experts. Some algorithms allow learning the structure
of dependency graphs from data, but the learned models are often hard to interpret by a
human and thus they aren’t beneficial for understanding complex probabilistic processes that
generated the data. CRF is by far the most used PGM with applications mostly in text and
image processing. However, in these two domains, they were surpassed by neural networks.
Another graphical model, hidden Markov model or HMM, in the past was frequently used
in speech recognition, time series analysis, and other temporal inference tasks, but, again
HMM lost to neural networks.
PGMs are also known under names of Bayesian networks, belief networks, and probabilistic
independence networks.

11.5

Markov Chain Monte Carlo

If you work with graphical models and want to sample examples from a very complex
distribution defined by the dependency graph, you could use Markov chain Monte Carlo
(MCMC) algorithms. MCMC is a class of algorithms for sampling from any probability
distribution defined mathematically. Remember that when we talked about the denoising
autoencoder, we sampled the noise from the normal distribution. Sampling from standard
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distributions, such as normal or uniform, is relatively easy because their properties are well
known. However, the task of sampling becomes significantly more complicated when the
probability distribution can have an arbitrary form defined by a dependency graph learned
from data.

11.6

Genetic Algorithms

Genetic algorithms (GA) are a numerical optimization technique used to optimize undifferentiable optimization objective functions. They use concepts from evolutionary biology
to search for a global optimum (minimum or maximum) of an optimization problem, by
mimicking evolutionary biological processes.
GA work by starting with an initial generation of candidate solutions. If we look for optimal
values of the parameters of our model, we first randomly generate multiple combinations of
parameter values. We then test each combination of parameter values against the objective
function. Imagine each combination of parameter values as a point in a multi-dimensional
space. We then generate a subsequent generation of points from the previous generation by
applying such concepts as “selection,” “crossover,” and “mutation.”
In a nutshell, this results in each new generation keeping more points similar to those points
from the previous generation that performed the best against the objective. In the new
generation, the points that performed the worst in the previous generation are replaced by
“mutations” and “crossovers” of the points that performed the best. A mutation of a point is
obtained by a random distortion of some attributes of the original point. A crossover is a
certain combination of several points (for example, an average).
Genetic algorithms allow finding solutions to any measurable optimization criteria. For
example, GA can be used to optimize the hyperparameters of a learning algorithm. They are
typically much slower than gradient-based optimization techniques.

11.7

Reinforcement Learning

As we already discussed, reinforcement learning (RL) solves a very specific kind of problems
where the decision making is sequential. Usually, there’s an agent acting in an unknown
environment. Each action brings a reward and moves the agent to another state of the
environment (usually, as a result of some random process with unknown properties). The
goal of the agent is to optimize its long-term reward.
Reinforcement learning algorithms, such as Q-learning, as well as its neural network based
counterparts, are used in learning to play video games, robotic navigation and coordination,
inventory and supply chain management, optimization of complex electric power systems
(power grids), and learning financial trading strategies.
∗∗∗
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The book stops here. Don’t forget to occasionally visit the book’s companion wiki to stay
updated on new developments in each machine learning area considered in the book. As I
said in Preface, this book, thanks to the constantly updated wiki, like a good wine keeps
getting better after you buy it. Oh, and don’t forget that the book is distributed on the read
first, buy later principle. That means that if while reading these words you look at a digital
screen, you are probably the right person for buying this book.
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