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Probabilistic Graphical Models Springer
Graphical models (e.g., Bayesian and constraint networks,
influence diagrams, and Markov decision processes) have
become a central paradigm for knowledge representation and
reasoning in both artificial intelligence and computer science in
general. These models are used to perform many reasoning
tasks, such as scheduling, planning and learning, diagnosis
and prediction, design, hardware and software verification, and
bioinformatics. These problems can be stated as the formal
tasks of constraint satisfaction and satisfiability, combinatorial
optimization, and probabilistic inference. It is well known that
the tasks are computationally hard, but research during the
past three decades has yielded a variety of principles and
techniques that significantly advanced the state of the art. This
book provides comprehensive coverage of the primary exact
algorithms for reasoning with such models. The main feature
exploited by the algorithms is the model's graph. We present
inference-based, message-passing schemes (e.g., variable-
elimination) and search-based, conditioning schemes (e.g.,
cycle-cutset conditioning and AND/OR search). Each class
possesses distinguished characteristics and in particular has
different time vs. space behavior. We emphasize the
dependence of both schemes on few graph parameters such
as the treewidth, cycle-cutset, and (the pseudo-tree) height.
The new edition includes the notion of influence diagrams,

which focus on sequential decision making under uncertainty.
We believe the principles outlined in the book would serve well
in moving forward to approximation and anytime-based
schemes. The target audience of this book is researchers and
students in the artificial intelligence and machine learning area,
and beyond.
Building Probabilistic Graphical Models with Python Springer Science &
Business Media
This book describes the principles and techniques needed to analyze data
that form a multiway contingency table. Wickens discusses the description
of association in such data using log-linear and log-multiplicative models
and defines how the presence of association is tested using hypotheses of
independence and quasi-independence. The application of the procedures
to real data is then detailed. This volume does not presuppose prior
experience or knowledge of statistics beyond basic courses in fundamentals
of probability and statistical inference. It serves as an ideal reference for
professionals or as a textbook for graduate or advanced undergraduate
students involved in statistics in the social sciences.
Mathematics of Evolution and Phylogeny
Morgan & Claypool Publishers
Recent advances in the area of lifted
inference, which exploits the structure
inherent in relational probabilistic
models. Statistical relational AI (StaRAI)
studies the integration of reasoning under
uncertainty with reasoning about
individuals and relations. The
representations used are often called
relational probabilistic models. Lifted
inference is about how to exploit the
structure inherent in relational
probabilistic models, either in the way
they are expressed or by extracting

structure from observations. This book
covers recent significant advances in the
area of lifted inference, providing a
unifying introduction to this very active
field. After providing necessary background
on probabilistic graphical models,
relational probabilistic models, and
learning inside these models, the book
turns to lifted inference, first covering
exact inference and then approximate
inference. In addition, the book considers
the theory of liftability and acting in
relational domains, which allows the
connection of learning and reasoning in
relational domains.
Learning in Graphical Models Cambridge University
Press
A survey of computational methods for understanding,
generating, and manipulating human language, which
offers a synthesis of classical representations and
algorithms with contemporary machine learning
techniques. This textbook provides a technical
perspective on natural language processing—methods for
building computer software that understands, generates,
and manipulates human language. It emphasizes
contemporary data-driven approaches, focusing on
techniques from supervised and unsupervised machine
learning. The first section establishes a foundation in
machine learning by building a set of tools that will be
used throughout the book and applying them to word-
based textual analysis. The second section introduces
structured representations of language, including
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sequences, trees, and graphs. The third section explores
different approaches to the representation and analysis
of linguistic meaning, ranging from formal logic to neural
word embeddings. The final section offers chapter-length
treatments of three transformative applications of natural
language processing: information extraction, machine
translation, and text generation. End-of-chapter
exercises include both paper-and-pencil analysis and
software implementation. The text synthesizes and
distills a broad and diverse research literature, linking
contemporary machine learning techniques with the
field's linguistic and computational foundations. It is
suitable for use in advanced undergraduate and graduate-
level courses and as a reference for software engineers
and data scientists. Readers should have a background in
computer programming and college-level mathematics.
After mastering the material presented, students will
have the technical skill to build and analyze novel natural
language processing systems and to understand the
latest research in the field.
Mastering Probabilistic Graphical Models Using Python MIT Press
A comprehensive introduction to machine learning that uses
probabilistic models and inference as a unifying approach. Today's
Web-enabled deluge of electronic data calls for automated
methods of data analysis. Machine learning provides these,
developing methods that can automatically detect patterns in data
and then use the uncovered patterns to predict future data. This
textbook offers a comprehensive and self-contained introduction
to the field of machine learning, based on a unified, probabilistic
approach. The coverage combines breadth and depth, offering
necessary background material on such topics as probability,
optimization, and linear algebra as well as discussion of recent
developments in the field, including conditional random fields, L1
regularization, and deep learning. The book is written in an
informal, accessible style, complete with pseudo-code for the most
important algorithms. All topics are copiously illustrated with color
images and worked examples drawn from such application
domains as biology, text processing, computer vision, and
robotics. Rather than providing a cookbook of different heuristic
methods, the book stresses a principled model-based approach,
often using the language of graphical models to specify models in a
concise and intuitive way. Almost all the models described have
been implemented in a MATLAB software package—PMTK

(probabilistic modeling toolkit)—that is freely available online. The
book is suitable for upper-level undergraduates with an
introductory-level college math background and beginning
graduate students.
Elements of Causal Inference MIT Press
This book exemplifies the interplay between the general formal
framework of graphical models and the exploration of new
algorithm and architectures. The selections range from
foundational papers of historical importance to results at the
cutting edge of research. Graphical models use graphs to represent
and manipulate joint probability distributions. They have their
roots in artificial intelligence, statistics, and neural networks. The
clean mathematical formalism of the graphical models framework
makes it possible to understand a wide variety of network-based
approaches to computation, and in particular to understand many
neural network algorithms and architectures as instances of a
broader probabilistic methodology. It also makes it possible to
identify novel features of neural network algorithms and
architectures and to extend them to more general graphical
models.This book exemplifies the interplay between the general
formal framework of graphical models and the exploration of new
algorithms and architectures. The selections range from
foundational papers of historical importance to results at the
cutting edge of research. Contributors H. Attias, C. M. Bishop, B.
J. Frey, Z. Ghahramani, D. Heckerman, G. E. Hinton, R.
Hofmann, R. A. Jacobs, Michael I. Jordan, H. J. Kappen, A.
Krogh, R. Neal, S. K. Riis, F. B. Rodríguez, L. K. Saul, Terrence J.
Sejnowski, P. Smyth, M. E. Tipping, V. Tresp, Y. Weiss
Probabilistic Graphical Models for Genetics, Genomics and
Postgenomics Oxford University Press, USA
An intelligent agent interacting with the real world will encounter
individual people, courses, test results, drugs prescriptions, chairs,
boxes, etc., and needs to reason about properties of these individuals
and relations among them as well as cope with uncertainty. Uncertainty
has been studied in probability theory and graphical models, and
relations have been studied in logic, in particular in the predicate
calculus and its extensions. This book examines the foundations of
combining logic and probability into what are called relational
probabilistic models. It introduces representations, inference, and
learning techniques for probability, logic, and their combinations. The
book focuses on two representations in detail: Markov logic networks, a
relational extension of undirected graphical models and weighted first-
order predicate calculus formula, and Problog, a probabilistic extension

of logic programs that can also be viewed as a Turing-complete relational
extension of Bayesian networks.
Introduction to Natural Language Processing Morgan & Claypool
Publishers
A useful introduction to this topic for both students and researchers,
with an emphasis on applications and practicalities rather than on a
formal development. It is based on the popular software package for
graphical modelling, MIM, freely available for downloading from the
Internet. Following a description of some of the basic ideas of graphical
modelling, subsequent chapters describe particular families of models,
including log-linear models, Gaussian models, and models for mixed
discrete and continuous variables. Further chapters cover hypothesis
testing and model selection. Chapters 7 and 8 are new to this second
edition and describe the use of directed, chain, and other graphs,
complete with a summary of recent work on causal inference.
Modeling and Reasoning with Bayesian Networks MIT Press
This book brings together important topics of current research in probabilistic
graphical modeling, learning from data and probabilistic inference. Coverage
includes such topics as the characterization of conditional independence, the
learning of graphical models with latent variables, and extensions to the
influence diagram formalism as well as important application fields, such as
the control of vehicles, bioinformatics and medicine.
Deep Learning on Graphs Cambridge University Press
At the crossroads between statistics and machine learning,
probabilistic graphical models provide a powerful formal
framework to model complex data. For instance, Bayesian
networks and Markov random fields are two of the most popular
probabilistic graphical models. With the rapid advance of high-
throughput technologies and their ever decreasing costs, a fast-
growing volume of biological data of various types - the so-called
''omics'' - is in need of accurate andefficient methods for
modeling, prior to further downstream analysis. As probabilistic
graphical models are able to deal with high-dimensional data, it is
foreseeable that such models will have aprominent role to play in
advances in genome-wide data analyses. Currently, few people are
specialists in the design of cutting-edge methods using probabilistic
graphical models for genetics, genomics and postgenomics. This
seriously hinders the diffusion of such methods. The prime aim of
the book is therefore to bring the concepts underlying these
advanced models within reach of scientists who are not specialists
of these models, but with no concession on theinformativeness of
the book. The target readers include researchers and engineers who
have to design novel methods for postgenomics data analysis, as
well as graduate students starting a Masters or a PhD. Inaddition to
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an introductory chapter on probabilistic graphical models, a
thorough review chapter focusing on selected domains in genetics
and fourteen chapters illustrate the design of such advanced
approaches in various domains: gene network inference, inference
of causal phenotype networks, association genetics, epigenetics,
detection of copy number variations, and prediction of outcomes
from high-dimensional genomic data. Notably, most examples also
illustrate that probabilistic graphicalmodels are well suited for
integrative biology and systems biology, hot topics guaranteed to be
of lasting interest.
Untersuchung von dem Wesen des Geistes, oder des seltsamen Pietisten-
Gespenstes, Welches heutigen Tages die Welt �ffet ; Angestellet zur
treuhertzigen ernstlichen Warnung aller frommen Christen, von einem
Freunde der Piet�t und Feinde der Pietisterey. Geschehen in demselben Jahr,
da solche Warnung n�thig war MIT Press
Disk contains: Tool for building Bayesian networks -- Library of examples --
Library of proposed solutions to some exercises.
A New Way of Thinking in Financial Modelling Springer Nature
A comprehensive text on foundations and techniques of graph neural
networks with applications in NLP, data mining, vision and healthcare.
High-Dimensional Statistics Springer Science & Business Media
Specifically designed as an introduction to the exciting world of engineering,
ENGINEERING FUNDAMENTALS: AN INTRODUCTION TO
ENGINEERING encourages students to become engineers and prepares them
with a solid foundation in the fundamental principles and physical laws. The
book begins with a discovery of what engineers do as well as an inside look
into the various areas of specialization. An explanation on good study habits
and what it takes to succeed is included as well as an introduction to design
and problem solving, communication, and ethics. Once this foundation is
established, the book moves on to the basic physical concepts and laws that
students will encounter regularly. The framework of this text teaches students
that engineers apply physical and chemical laws and principles as well as
mathematics to design, test, and supervise the production of millions of parts,
products, and services that people use every day. By gaining problem solving
skills and an understanding of fundamental principles, students are on their
way to becoming analytical, detail-oriented, and creative engineers. Important
Notice: Media content referenced within the product description or the
product text may not be available in the ebook version.
Introduction to Statistical Relational Learning Springer
A concise and self-contained introduction to causal inference, increasingly
important in data science and machine learning. The mathematization of
causality is a relatively recent development, and has become increasingly
important in data science and machine learning. This book offers a self-
contained and concise introduction to causal models and how to learn them
from data. After explaining the need for causal models and discussing some of
the principles underlying causal inference, the book teaches readers how to
use causal models: how to compute intervention distributions, how to infer

causal models from observational and interventional data, and how causal ideas
could be exploited for classical machine learning problems. All of these topics
are discussed first in terms of two variables and then in the more general
multivariate case. The bivariate case turns out to be a particularly hard problem
for causal learning because there are no conditional independences as used by
classical methods for solving multivariate cases. The authors consider analyzing
statistical asymmetries between cause and effect to be highly instructive, and
they report on their decade of intensive research into this problem. The book is
accessible to readers with a background in machine learning or statistics, and
can be used in graduate courses or as a reference for researchers. The text
includes code snippets that can be copied and pasted, exercises, and an
appendix with a summary of the most important technical concepts.
10th International Workshop, WILF 2013, Genoa, Italy, November 19-22,
2013, Proceedings Cambridge University Press
The idea of modelling systems using graph theory has its origin in several
scientific areas: in statistical physics (the study of large particle systems), in
genetics (studying inheritable properties of natural species), and in
interactions in contingency tables. The use of graphical models in statistics has
increased considerably over recent years and the theory has been greatly
developed and extended. This book provides the first comprehensive and
authoritative account of the theory of graphical models and is written by a
leading expert in the field. It contains the fundamental graph theory required
and a thorough study of Markov properties associated with various type of
graphs. The statistical theory of log-linear and graphical models for
contingency tables, covariance selection models, and graphical models with
mixed discrete-continous variables in developed detail. Special topics, such as
the application of graphical models to probabilistic expert systems, are
described briefly, and appendices give details of the multivarate normal
distribution and of the theory of regular exponential families. The author has
recently been awarded the RSS Guy Medal in Silver 1996 for his innovative
contributions to statistical theory and practice, and especially for his work on
graphical models.
Statistical Relational Artificial Intelligence Springer Science & Business Media
Master probabilistic graphical models by learning through real-world
problems and illustrative code examples in Python About This Book Gain in-
depth knowledge of Probabilistic Graphical Models Model time-series
problems using Dynamic Bayesian Networks A practical guide to help you
apply PGMs to real-world problems Who This Book Is For If you are a
researcher or a machine learning enthusiast, or are working in the data science
field and have a basic idea of Bayesian Learning or Probabilistic Graphical
Models, this book will help you to understand the details of Graphical Models
and use it in your data science problems. This book will also help you select
the appropriate model as well as the appropriate algorithm for your problem.
What You Will Learn Get to know the basics of Probability theory and Graph
Theory Work with Markov Networks Implement Bayesian Networks Exact
Inference Techniques in Graphical Models such as the Variable Elimination
Algorithm Understand approximate Inference Techniques in Graphical
Models such as Message Passing Algorithms Sample algorithms in Graphical
Models Grasp details of Naive Bayes with real-world examples Deploy PGMs

using various libraries in Python Gain working details of Hidden Markov
Models with real-world examples In Detail Probabilistic Graphical Models is a
technique in machine learning that uses the concepts of graph theory to
compactly represent and optimally predict values in our data problems. In real
world problems, it's often difficult to select the appropriate graphical model as
well as the appropriate inference algorithm, which can make a huge difference
in computation time and accuracy. Thus, it is crucial to know the working
details of these algorithms. This book starts with the basics of probability
theory and graph theory, then goes on to discuss various models and inference
algorithms. All the different types of models are discussed along with code
examples to create and modify them, and also to run different inference
algorithms on them. There is a complete chapter devoted to the most widely
used networks Naive Bayes Model and Hidden Markov Models (HMMs).
These models have been thoroughly discussed using real-world examples. Style
and approach An easy-to-follow guide to help you understand Probabilistic
Graphical Models using simple examples and numerous code examples, with
an emphasis on more widely used models.
Machine Learning Probabilistic Graphical ModelsPrinciples and
Techniques
A coherent introductory text from a groundbreaking researcher,
focusing on clarity and motivation to build intuition and
understanding.
A Scalable Approach to Structure and Parameter Learning in Probabilistic
Graphical Models OUP Oxford
Advanced statistical modeling and knowledge representation techniques for a
newly emerging area of machine learning and probabilistic reasoning; includes
introductory material, tutorials for different proposed approaches, and
applications. Handling inherent uncertainty and exploiting compositional
structure are fundamental to understanding and designing large-scale systems.
Statistical relational learning builds on ideas from probability theory and
statistics to address uncertainty while incorporating tools from logic, databases
and programming languages to represent structure. In Introduction to
Statistical Relational Learning, leading researchers in this emerging area of
machine learning describe current formalisms, models, and algorithms that
enable effective and robust reasoning about richly structured systems and data.
The early chapters provide tutorials for material used in later chapters, offering
introductions to representation, inference and learning in graphical models,
and logic. The book then describes object-oriented approaches, including
probabilistic relational models, relational Markov networks, and probabilistic
entity-relationship models as well as logic-based formalisms including
Bayesian logic programs, Markov logic, and stochastic logic programs. Later
chapters discuss such topics as probabilistic models with unknown objects,
relational dependency networks, reinforcement learning in relational
domains, and information extraction. By presenting a variety of approaches,
the book highlights commonalities and clarifies important differences among
proposed approaches and, along the way, identifies important
representational and algorithmic issues. Numerous applications are provided
throughout.
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Probabilistic Graphical Models Psychology Press
In the past decade, a number of different research communities
within the computational sciences have studied learning in
networks, starting from a number of different points of view. There
has been substantial progress in these different communities and
surprising convergence has developed between the formalisms.
The awareness of this convergence and the growing interest of
researchers in understanding the essential unity of the subject
underlies the current volume. Two research communities which
have used graphical or network formalisms to particular advantage
are the belief network community and the neural network
community. Belief networks arose within computer science and
statistics and were developed with an emphasis on prior knowledge
and exact probabilistic calculations. Neural networks arose within
electrical engineering, physics and neuroscience and have
emphasised pattern recognition and systems modelling problems.
This volume draws together researchers from these two
communities and presents both kinds of networks as instances of a
general unified graphical formalism. The book focuses on
probabilistic methods for learning and inference in graphical
models, algorithm analysis and design, theory and applications.
Exact methods, sampling methods and variational methods are
discussed in detail. Audience: A wide cross-section of
computationally oriented researchers, including computer
scientists, statisticians, electrical engineers, physicists and
neuroscientists.
Reasoning with Probabilistic and Deterministic Graphical Models Packt
Publishing Ltd
Familiarize yourself with probabilistic graphical models through real-
world problems and illustrative code examples in R About This Book
Predict and use a probabilistic graphical models (PGM) as an expert
system Comprehend how your computer can learn Bayesian modeling
to solve real-world problems Know how to prepare data and feed the
models by using the appropriate algorithms from the appropriate R
package Who This Book Is For This book is for anyone who has to deal
with lots of data and draw conclusions from it, especially when the data
is noisy or uncertain. Data scientists, machine learning enthusiasts,
engineers, and those who curious about the latest advances in machine
learning will find PGM interesting. What You Will Learn Understand
the concepts of PGM and which type of PGM to use for which problem
Tune the model's parameters and explore new models automatically
Understand the basic principles of Bayesian models, from simple to
advanced Transform the old linear regression model into a powerful

probabilistic model Use standard industry models but with the power of
PGM Understand the advanced models used throughout today's
industry See how to compute posterior distribution with exact and
approximate inference algorithms In Detail Probabilistic graphical
models (PGM, also known as graphical models) are a marriage between
probability theory and graph theory. Generally, PGMs use a graph-based
representation. Two branches of graphical representations of
distributions are commonly used, namely Bayesian networks and
Markov networks. R has many packages to implement graphical models.
We'll start by showing you how to transform a classical statistical model
into a modern PGM and then look at how to do exact inference in
graphical models. Proceeding, we'll introduce you to many modern R
packages that will help you to perform inference on the models. We will
then run a Bayesian linear regression and you'll see the advantage of
going probabilistic when you want to do prediction. Next, you'll master
using R packages and implementing its techniques. Finally, you'll be
presented with machine learning applications that have a direct impact in
many fields. Here, we'll cover clustering and the discovery of hidden
information in big data, as well as two important methods, PCA and
ICA, to reduce the size of big problems. Style and approach This book
gives you a detailed and step-by-step explanation of each mathematical
concept, which will help you build and analyze your own machine
learning models and apply them to real-world problems. The
mathematics is kept simple and each formula is explained thoroughly.
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