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This workshop, held at the Aoba Memorial Hall of Tohoku University, Sendai, Japan, from 6 to 8

December, 2004, is organized to survey recent advances in theoretical studies of algorithms for statistical

inference, with emphasis on the belief propagation and related algorithms, and to discuss future directions

of research. We believe that belief propagation and related algorithms will play a significant role in

establishing a new computational paradigm in the twenty-first century, and hope this workshop to help

form a basis for such a development.

What makes studies of the belief propagation so important, we think, is twofold: One is lack of

thorough theory, and another is its interdisciplinarity. The belief propagation was proposed by Pearl [1]

in mid 1980s, as an efficient algorithm of statistical inference, which aims at implementing probability-

based artificial intelligence capable of handling uncertainties. The belief propagation is proved to give

exact results in the special cases where the graphical representation of the underlying probability model

has no loops. However, what is interesting and important is beyond that. Although the belief propagation

is not guaranteed to give exact results for general graphical models with loops, it works reasonably well in

various cases, and furthermore, in some specific cases it turns out to work excellently. The most ground-

breaking example in this respect appeared in the field of coding theory. It was the turbo codes, proposed

by Berrou and Glavieux [2], the decoding algorithm of which was later shown by McEliece, MacKay,

and Cheng [3] as nothing but the belief propagation applied to probability models with loops. The

turbo decoding has shown surprisingly high performance despite that it lacks theoretical justification of

giving good decoding results, which ignited intense research activities in the field of coding theory. Soon

after that came the low-density parity-check (LDPC) codes, which have been rediscovered by MacKay
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and Neal [4] after thirty years since the original proposal by Gallager [5], which also exhibited high

performance. Interestingly enough, the sum-product algorithm for decoding of the LDPC codes again

turns out to be the belief propagation. It has now been widely accepted in the coding theory community

that iterative decoding algorithms based on the belief propagation is the key to the high performance of

these codes.

The belief propagation also has a link with statistical mechanics. Kabashima and Saad [6], in their

study of constructing a decoding algorithm of one type of the LDPC codes based on statistical mechanical

framework, were the first to mention the link, by showing that the Bethe approximation, which is one

of the advanced mean-field methods in statistical mechanics [7], yields the belief propagation when it

is applied to a system describing the decoding problem. Inspired by their work, Yedidia, Freeman, and

Weiss [8] showed that the link is indeed general, that is, they established correspondence between the

belief propagation and the Bethe approximation in general settings. Their work has indeed opened a

new stage of research. In fact, mean-field methods have a long history in statistical mechanics, and

several notions and tools have been developed to better understand properties of a system with many

interacting elements. It has become possible to try using these notions and tools in order to obtain better

understanding of the belief propagation and related algorithms. For example, the Bethe free energy,

whose stationary points give self-consistent conditions of the Bethe approximation, has been introduced [8]

and then extensively studied to characterize stationary states of the belief propagation. Based on the

introduction of the Bethe free energy, Yuille [9] proposed the concave-convex procedure (CCCP) as an

alternative algorithm to minimizing the Bethe free energy. Another important example would be the

cluster variation method [10, 11, 12, 13], one of yet advanced mean-field methods. Yedidia et al. [8]

proposed the generalized belief propagation on the basis of the cluster variation method, while Tanaka

and Morita, independent of Yedidia et al.’s proposal and long before that, applied the framework of the

cluster variation method to problems of statistical image restoration [14]. In recent years, applications of

these advanced mean-field approaches to various information processing problems are indeed very active

research fields, including decoding of error control codes [15], user detection in code-division multiple-

access communications [16, 17], image processing [14, 18, 19, 20], solving optimization problems [21, 22],

inference in Bayesian networks [23, 24], machine learning [25, 26, 27, 28], to mention a few. These

examples suggest that statistical mechanics, in particular the advanced mean-field framework, is a vein

of various interesting and inspiring ideas for studying the belief propagation and related algorithms, as

well as their applications [7, 29].

Despite these achievements, we feel that we are still far from complete understanding of the belief

propagation as an algorithm of statistical inference. Important problems are the accuracy of the algo-

rithm’s result and its dynamical properties, when the algorithm is applied to problems with loops. Several

ideas have been proposed to study these problems. They include: the density evolution framework [30]

to describe macroscopic dynamics of the belief propagation applied to a system with uniform random-

ness, Weiss’s idea of loop unwrapping [31, 32] and the notion of the limiting Gibbs measures [33], the
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information-geometrical interpretation of the belief propagation and related algorithms [34, 35], and so

on. The problems and approaches to them span a wide variety of interdisciplinary fields across mathemat-

ics, physics, and engineering, including mathematical statistics, differential geometry, spin-glass theory,

information theory, coding theory, computer science, artificial intelligence, pattern recognition, neural

networks, etc. etc. This view has motivated us to organize this workshop, expecting that it will fur-

ther facilitate interdisciplinary collaboration, which in turn will put forward the research uncovering the

secrets of the belief propagation and related algorithms.

The workshop is entitled “Mathematics of Statistical Inference,” and is organized as a workshop of

the MEXT Grant-in-Aid for Scientific Research on Priority Areas: Statistical-Mechanical Approach to

Probabilistic Information Processing (SMAPIP). This workshop covers the following topics:

1. Belief propagation and advanced mean-field methods

2. Approximate statistical inference

3. Spin glass theory and statistical inference

The organizing committee of this workshop consists of:

Kazuyuki Tanaka, SMAPIP Head Investigator (Tohoku University)

Yoshiyuki Kabashima (Tokyo Institute of Technology)

Toshiyuki Tanaka (Tokyo Metropolitan University)

We would like to thank all participants and hope that this workshop will be very successful and will

contribute to the developments of this strongly interdisciplinary field.
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