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Deep Belief Networks for Dimensionality
Reduction

Athanasios K. Noulas a Ben J.A. Kröse a

a University of Amsterdam, 1098 SJ Amsterdam, The Netherlands

Abstract

Deep Belief Networks are probabilistic generative models which are composed by multiple layers of latent
stochastic variables. The top two layers have symmetric undirected connections, while the lower layers
receive directed top-down connections from the layer above. The current state-of-the-art training method
for DBNs is contrastive divergence, an efficient learning technique that can approximate and follow the
gradient of the data likelihood with respect to the model parameters. In this work we explore the quality of
the non-linear dimensionality reduction achieved through a DBN on face images. We compare the results
achieved to the well know Principal Component Analysis as well as with a Harmonium model, which is
the top layer of a DBN.

1 Introduction
Dimensionality reduction in statistics refers to the process of reducing the number of random variables at
hand. In machine learning, these random variables correspond usually to features of our domain, and the
process of reducing their number can be seen as feature selection or extraction. Dimensionality reduction
has been the subject of numerous studies, since real-world problems are very high-dimensional and reducing
the number of dimensions is essential to boost the efficiency of machine learning algorithms.

There are many different criteria on the basis of which one can reduce the dimensionality of a dataset.
A very common technique is Principal Component Analysis (PCA), where we select the linear projections
of the data which will result in maximum variance, in the hope that the lower dimensionality space will
produce easily separable classes for classification. Dimensionality reduction can be represented as a neural
network of multiple layers, visible in Figure 1, which is called autoencoder or autoassociator. The network
is trained to discover a lower representation of the data, lying in the middle layer, that will allow optimal
reconstruction. If there is only one linear hidden layer with k nodes, the autoencoder will project the data in
the span of the k first principal components of the dataset, thus becoming identical to PCA. However, if the
hidden layer is non-linear, different kinds of multi-modal abstraction with possibly better results are feasible
[3].

In modern artificial intelligence, the most popular framework is undoubtedly probabilistic models. The
problem of dimensionality reduction can be seen as a two layer model: the bottom layer compromises of
observable variables and corresponds to the input vector, while the top layer compromises from hidden
variables and corresponds to the reduced-dimensionality space. The more recent probabilistic PCA and
multinomial PCA can be seen as a realisation of such a directed graphical model. The undirected version
of such two layer models was first introduced in [5] and is called harmonium. In this work we consider
Harmoniums with multinomial visible variables and continuous, Gaussian hidden variables, introduced in
[6], as well as the Restricted Boltzmann Machines (RBMs) which have binary hidden and visible nodes [1].
Harmoniums and RBMs compromise the building blocks of a DBN [2]. We discuss the advantages and
disadvantages of directed and undirected models in section 4.

A DBN is a multiple layer generative model. Roughly speaking, the bottom layer is observable, and
the multiple hidden layers are created by stacking multiple RBMs on top of each other. The final layer is a
Harmonium with Gaussian hidden nodes, which in our case correspond to the reduced dimensionality. We
discuss briefly the theoretical advantages of deep architectures in section 4, but note here that in general
there is no straightforward learning technique. The parameters are learnt approximately using Contrastive
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Figure 1: Graphical representation of an autoencoder. The input is the same as the output during training,
while the middle layer corresponds to the lower dimensional representation.

Divergence learning [1], and the final deep architecture is fine-tuned based on a problem-specific objective
function.

This paper is organised as follows. In section 2 we describe the details of the models used to perform
dimensionality reduction. In section 3 we describe the dataset used and the experimental results acquired
from these models. We conclude this paper with section 4 where not only the experimental results but also
theoretical perspectives of the proposed models are discussed.

2 Model Specifications
In this section we describe the models evaluated on dimensionality reduction on our dataset. We start in 2.1
with a description of RBMs which is the simplest two layered model we may have. Their discrete nature
makes them an ideal platform to present contrastive divergence learning which is described in section 2.2. In
section 2.3 we describe the structure and application of contrastive learning in a harmonium with continuous
Gaussian hidden variables. Finally in section 2.4 we present the DBN framework, learning, and fine tuning
for dimensionality reduction.

2.1 Restricted Boltzmann Machines
A RBM is an energy-based model, which means that the probability distribution over the variables of interest
is defined through an energy function. It is composed from a set of observable variables x = {x(i)} and
a set of hidden variables h = {h(i)}, as we can see in figure 2. The energy of a given configuration is
estimated as:

Energy (x, h) = −b>x− x>h− h>Wx (1)

while the probability distribution over the configuration of the variables is

P (x, h) ∝ e−Energy(x,h) (2)

note that we did not write the normalisation term Z = Σx,he−Energy(x,h) in order to express our inability to
compute it in general. The parameters W , b and h of the Energy function are learnt using a problem specific
criteria. In the case of dimensionality reduction we would like to set them to those values that will allow
optimal reconstruction of the input vector given it’s low-dimensional representation.

In order to see how we can use an RBM for dimensionality reduction and reconstruction, consider an
RBM with fewer nodes at the hidden layer than in the visible one. An important property of the RBM
is that there are no connections among nodes of the same layer. Thus, we sampling from the conditional
distributions p (h|x) and p (x|h), which factorise as:

P (x|h) =
∏
i

P (x(i)|h) (3)
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Figure 2: A Restricted Boltzaman machine. Each node of the hidden layer is connected to all the nodes of
the visible layer, while there are no connections among nodes of the same layer.

P (h|x) =
∏
j

P (h(j)|x) (4)

Therefore, given an observation vector x we can sample a lower-dimension representation h. We can then
use this representation to reconstruct x̂.

In the case of the RBM, all the nodes are binary and the individual node probabilities are given as:

P (x(i)|h) = sigm(bi +W·i · h) (5)

P (h(j)|x) = sigm(cj +Wj· · x) (6)

where W·i and Wj· refer to the corresponding vectors and rows of matrix W .
In the learning face, we want to discover the parameters that maximise the probability of the vector

x given it’s encoding in the low dimensional space. That is maximise p(x|ĥ) with ĥ ∼ p(h|x), which
corresponds to setting the parameters of the RBM to the values that maximise the data likelihood. We can
rewrite the data likelihood as:

p (x, h) =
e−Energy(x,h)

Z

p (x) =
∑
h

e−Energy(x,h)

Z

=
e−FreeEnergy(x)∑
x e
−FreeEnergy(x)

where FreeEnergy (x) = − log
∑
h e
−Energy(x,h), with the term Free Energy coming from physics.

We can now maximise the data likelihood by gradient ascent, since the average log-likelihood gradient
with respect to the parameters θ = {W, b, h} is:

EP̂
∂ log p (x)

∂θ
= −EP̂

∂FreeEnergy(x)
∂θ

+ EP
∂FreeEnergy(x)

∂θ
(7)

where P̂ is the training set empirical distribution and P the distribution of our model. EP denotes expected
value under distribution P . We refer the interested reader to [1] for formal proof of the gradient formula.

2.2 Contrastive Divergence
Even with equation 7 at hand, it is not easy to train an RBM. As we can see in figure 3, we need to run
a sampling algorithm multiple times for each training example in order to get a reconstruction useful to
estimate the model’s distribution. If sampling is repeated for a sufficient number of iterations over all the
data set points, we can acquire the value of the gradient for the specific model parameters. Following
the gradient in this manner is extremely expensive computationally, and in multi-dimensional problems
practically unfeasible.
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Figure 3: A sampling chain from the original vector x up to convergence to x̂. The first reconstruction
(reconst.) is used for contrastive divergence learning.

Instead, we can use contrastive divergence, a technique which has given very promising results. The
technique is based on two approximations. The first approximation is replace the average over all possible
inputs, as seen in equation 7, with a single sample. We update the parameters very often, after one or a
few samples, and therefore indirectly we introduce some averaging which we expect to be sufficient. The
second and most important approximation is to run the sampler for a single iteration, instead until the chain
converges. In this way we expect the parameters to learn the values of the parameters that produce the
minimum reconstruction error. From a macroscopic point of view, if the data distribution remains intact for
a singe reconstruction, it will remain intact for the rest of the iterations, and thus we have converged to the
final distribution from the first reconstruction. Once more we refer the interested reader to [1] for a broader
discussion.

2.3 Harmonium
The harmonium is a RBM with continuous hidden nodes. Welling et. al in [6] introduced a harmonium
with multinomial visible nodes, which proved to be extremely efficient in latent semantic indexing, and
explored the theoretical possibilities and restrictions of this structure. It can also be trained using contrastive
divergence, with P (x(i)|h) = sigm(bi +W·i · h) and P (h(j)|x) = N (cj +Wj· · x, 1) where N (µ, σ) is
the normal distribution with mean µ and standard deviation σ. In case x is multinomial, we keep a separate
weight for each possible x(i), and we sample x(i) from a soft-max function over the possible states [6].

2.4 Deep Belief Networks
A DBN with l layers, models the joint distribution of the observable layer x and the hidden layers hk for
k = 1 : l as

p
(
x, h1 . . . , hl

)
= p

(
x|h1

) ∏
k=1:l−2

p
(
hk|hk+1

)
p

(
hl−1, hl

)
(8)

where each of the conditional probabilities is modelled as an RBM, while the probability over the two top
layers is modelled as a harmonium. A graphical representation of a DBN is visible in figure 2.4.

Training a DBN has two phases. In the first phase, we start by training the RBM of layers x and h1.
We keep adding consecutive layers treating the reconstructions acquired in the previous layer as data of the
visible layer. For instance, we get the projection at h1 and train an RBM between h1 and h2 using the
reconstructions of h1 as data. We train the top two layers model as an harmonium, using the reconstruction
of hl−1 as data, and hidden Gaussian nodes in hl. The first phase is performed using contrastive divergence,
and we expect to get the model parameters near a good local maximum of the data likelihood function. In
the second phase, we tune the parameters of the whole DBN based on a problem specific criteria. In the
case of dimensionality reduction this is performed with back propagation, exactly the way it is performed
for neural networks. The hope is that this phase will tune the parameters to the local maximum approached
by the first phase.

3 Experiments
In this section we present the dimensionality reduction experiments conducted for this work. In section 3.1
we describe briefly the dataset we used, and in section 3.2 the objective and setup of our experiments. The
numerical results acquired can be found in section 3.3
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Figure 4: A Deep Belief Network with l layers of hidden nodes. The first l − 1 layers are added as RBMs,
using the projection on the last layer as data. The top two layers are a Harmonium with continuous Gaussian
hidden variables, and corresponds to the reduced dimensional space.

3.1 Dataset
We used 400 faces coming from the AR Face Database [4]. The face images are 36 × 48 pixels, creating
1728 dimensional datapoints. The original grey valued images were turned into they binary counterparts in
order to be usable as input for the RBM.

3.2 Experimental Setup
We extracted the principal components of the dataset and performed projection and reconstruction for a
grid of 40 values between 2 and 300 dimensions. The same applied for harmoniums, where we trained
different harmoniums for each lower space dimensionality. Finally, we trained different DBNs with 4 hidden
layers. The first three hidden layers had 1000, 500 and 250 nodes, and the top layer took values in the low
dimensional space. We evaluated each reconstruction using the sum of squared differences between the
original value and the reconstructed one.

3.3 Results
In figure 6, we can see the reconstruction error for different dimensionality reductions. The experiments grid
had the values 2 : 20, 25 : 100 and 110 : 300. Furthermore, in figure 6, we can see how the reconstructed
face images look like. We see that the harmonium outperforms PCA, while the DBN produces the best
results for low number of retained dimensions.

This was expected for two reasons. Firstly, the Harmonium and the DBN perform non-linear dimen-
sionality reduction which proves more efficient for this kind of data. Secondly, they are trained with main
objective the optimal reconstruction of a vector from the hidden space, while PCA’s main objective is to
maximise the variance of the data in the lower dimensional space. The DBN outperforms the Harmonium
when a few dimensions are retained because it learns the data distribution as a product of multiple layers. In
this way, we can learn much more varying distributions. On the other hand, as more flexibility is available
because we keep a large number of dimensions, the Harmonium uses it optimally while the DBN is trapped
in a sub-optimal local minima. The image vectors require sharp distributions in order to discriminate face
pixels from the background, and that’s why this flexibility produces better results.
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Figure 5: Sum of the squared error between the reconstructions and the original vectors as a function of the
retained dimensions

4 Discussion & Conclusions
In this paper, an undirected deep architecture provided optimal results in dimensionality reduction. This
comes in favour of some theoretical considerations that support the use of similar architectures for learning in
artificial intelligence. The arguments regard the flexibility these architectures provide in terms of inference,
mapping in the latent space and representational power.

Deep architectures have been avoided in the past because they are much harder to train. More specif-
ically, if one tries to train directly a deep architecture, the two top layers tend to get meaningful, criteria-
related weights, while the rest just perform useless perturbation of the data. Training with contrastive diver-
gence overcomes this difficulty. In the first phase we create multiple perturbations of the data, retaining the
information contained in it. Thus, we hope that when optimising our problem-specific objective, we will be
able to utilise the layer containing the optimal data reconstruction. The question that arises naturally is how
many layers do we need for a given problem, and it cannot be answered directly. However, we should keep
in mind that a DBN can use large quantities of unlabelled data to learn the structure of a given dataset. We
can then use a few labelled examples to perform high accuracy classification in this well structured space.

This view is very similar to human learning. Babies observe the world around them in an unsupervised
manner, and afterwards they use a few labelled examples to perform classification in the space they have
structured. For example, someone can use thousands of face images in an unsupervised way, and then based
on the task at hand use labelled examples of male or female subjects, to classify genders or different ages to
perform regression in the age space.

Another important quality of undirected graphs in comparison to the directed ones is that we can sample
the configuration of the hidden nodes directly, since they are independent of each other given the visible
ones. This can be very useful in applications that require fast lower-space representations like for instance
document retrieval, with an example of a harmonium performing document retrieval and discovering word
structure given in [6]. Finally, we can use the trained DBN to generate data from our training distribution.
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Neural Information Processing Systems 17, pages 1481–1488. MIT Press, Cambridge, MA, 2005.

Deep Belief Networks for Dimensionality Reduction 191


	Introduction etc
	Table of Contents
	Full Papers BNAIC 2008
	Actor-Agent Based Approach to Train Driver Rescheduling
	Erwin J.W. Abbink, David G.A. Mobach, Pieter J. Fioole, Leo G. Kroon, Niek Wijngaards and Eddy H.T. van der Heijden

	Rapidly Adapting Game AI
	Sander Bakkes, Pieter Spronck and Jaap van den Herik

	Adaptive Intelligence for Turn-based Strategy Games
	Maurice Bergsma and Pieter Spronck

	Attack Relations among Dynamic Coalitions
	Guido Boella, Leendert van der Torre and Serena Villata

	Loopy Propagation: the Posterior Error at Convergence Nodes
	Janneke H. Bolt and Linda C. van der Gaag

	Automatic Thesaurus Generation using Co-occurrence
	Rogier Brussee and Christian Wartena

	A Modern Turing Test: Bot Detection in MMORPGs
	Adam Cornelissen and Franc Grootjen

	Hierarchical Planning and Learning for Automatic Solving of Sokoban Problems
	Jean-Noël Demaret, François Van Lishout and Pascal Gribomont

	Mixed-Integer Bayesian Optimization Utilizing A-Priori Knowledge on Parameter Dependences
	Michael T.M. Emmerich, Anyi Zhang, Rui Li, Ildiko Flesch and Peter Lucas

	From Probabilistic Horn Logic to Chain Logic
	Nivea Ferreira, Arjen Hommersom and Peter Lucas

	Visualizing Co-occurrence of Self-Optimizing Fragment Groups
	Edgar H. de Graaf and Walter Kosters

	Linguistic Relevance in Modal Logic
	Davide Grossi

	Beating Cheating: Dealing with Collusion in the Non-Iterated Prisoner's Dilemma
	Nicolas Höning, Tomas Kozelek and Martijn C. Schut

	The Influence of Physical Appearance on a Fair Share
	Steven de Jong, Rob van de Ven and Karl Tuyls

	Discovering the Game in Auctions
	Michael Kaisers, Karl Tuyls, Frank Thuijsman and Simon Parsons

	Maximizing Classifier Utility for a given Accuracy
	Wessel Kraaij, Stephan Raaijmakers and Paul Elzinga

	Stigmergic Landmarks Lead the Way
	Nyree P.P.M. Lemmens and Karl Tuyls

	Distribute the Selfish Ambitions
	Xiaoyu Mao, Nico Roos and Alfons Salden

	Closing the Information Loop.
	Jan Willem Marck and Sicco Pier van Gosliga

	Evolving Fixed-parameter Tractable Algorithms
	Stefan A. van der Meer, Iris van Rooij and Ida Sprinkhuizen-Kuyper

	Lambek-Grishin Calculus Extended to Connectives of Arbitrary Arity
	Matthijs Melissen

	Collective Intelligent Wireless Sensor Networks
	Mihail Mihaylov, Ann Nowé and Karl Tuyls

	Effects of Goal-Oriented Search Suggestions
	James Mostert and Vera Hollink

	Deep Belief Networks for Dimensionality Reduction
	Athanasios K. Noulas and Ben J.A. Krose

	Human Gesture Recognition using Sparse B-spline Polynomial Representations
	Antonios Oikonomopoulos, Maja Pantic and Ioannis Patras

	Determining Resource Needs of Autonomous Agents in Decoupled Plans
	Jasper Oosterman, Remco Ravenhorst, Cees Witteveen and Pim van Leeuwen

	Categorizing Children: Automated Text Classification of CHILDES files
	Rob Opsomer, Petr Knoth, Freek van Polen, Jantine Trapman and Marco Wiering

	A Neural Network Based Dutch Part of Speech Tagger
	Mannes Poel, Egwin Boschman and Rieks op den Akker

	The Dynamics of Human Behaviour in Poker
	Marc Ponsen, Karl Tuyls, Steven de Jong, Jan Ramon, Tom Croonenborghs and Kurt Driessens

	Creating a Bird-Eye View Map using an Omnidirectional Camera
	Steven Roebert, Tijn Schmits and Arnoud Visser

	Online Collaborative Multi-Agent Reinforcement Learning by Transfer of Abstract Trajectories
	Maarten van Someren, Martin Pool and Sanne Korzec

	Imitation and Mirror Neurons: An Evolutionary Robotics Model
	Eelke Spaak and Pim F.G. Haselager

	The Virtual Storyteller: Story Generation by Simulation
	Ivo Swartjes and Mariët Theune

	Semi-Automatic Ontology Extension in the Maritime Domain
	Gerben K.D. de Vries, Véronique Malaisé, Maarten van Someren, Pieter Adriaans and Guus Schreiber

	The Effects of Cooperative Agent Behavior on Human Cooperativeness
	Arlette van Wissen, Jurriaan van Diggelen and Virginia Dignum


	Extended Abstracts BNAIC 2008
	An Architecture for Peer-to-Peer Reasoning
	George Anadiotis, Spyros Kotoulas and Ronny Siebes

	Enhancing the Performance of Maximum-Likelihood Gaussian EDAs Using Anticipated Mean Shift
	Peter A.N. Bosman, Jörn Grahl and Dirk Thierens

	Modeling the Dynamics of Mood and Depression (extended abstract)
	Fiemke Both, Mark Hoogendoorn, Michel Klein and Jan Treur

	A Tractable Hybrid DDN-POMDP approach to Affective Dialogue Modeling for Probabilistic Frame-based Dialogue Systems
	Trung H. Bui, Mannes Poel, Anton Nijholt and Job Zwiers

	An Algorithm for Semi-Stable Semantics
	Martin Caminada

	Towards an Argument Game for Stable Semantics
	Martin Caminada and Yining Wu

	Temporal Extrapolation within a Static Clustering
	Tim Cocx, Walter Kosters and Jeroen Laros

	Approximating Pareto Fronts by Maximizing the S-Metric with an SMS-EMOA/Gradient Hybrid
	Michael T.M. Emmerich, Andre H. Deutz and Nicola Beume

	A Probabilistic Model for Generating Realistic Lip Movements from Speech
	Gwenn Englebienne, Magnus Rattray and Tim F. Cootes

	Self-organizing mobile surveillance security networks
	Duco N. Ferro and Alfons H. Salden

	Engineering Large-scale Distributed Auctions
	Peter Gradwell, Michel Oey, Reinier Timmer, Frances Brazier and Julian Padget

	A Cognitive Model for the Generation and Explanation of Behavior in Virtual Training
	Maaike Harbers, Karel van den Bosch, Frank Dignum and John-Jules Meyer

	Opponent Modelling in Automated Multi-Issue Negotiation Using Bayesian Learning
	Koen Hindriks and Dmytro Tykhonov

	Exploring Heuristic Action Selection in Agent Programming
	Koen Hindriks, Catholijn M. Jonker and Wouter Pasman

	Individualism and Collectivism in Trade Agents (Extended Abstract)
	Gert Jan Hofstede, Catholijn M. Jonker and Tim Verwaart

	Agents Preferences in Decentralized Task Allocation (extended abstract)
	Mark Hoogendoorn and Maria L. Gini

	Agent-based Patient Admission Scheduling in Hospitals
	Anke K. Hutzschenreuter, Peter A.N. Bosman, Ilona Blonk-Altena, Jan van Aarle and Han La Poutré

	An Empirical Study of Instance-based Ontology Matching
	Antoine Isaac, Lourens van der Meij, Stefan Schlobach and Shenghui Wang

	The Importance of Link Evidence in Wikipedia
	Jaap Kamps and Marijn Koolen

	Evolutionary Dynamics for Designing Multi-Period Auctions
	Tomas Klos and Gerrit Jan van Ahee

	Combining Expert Advice Efficiently
	Wouter M. Koolen and Steven de Rooij

	Paying Attention to Symmetry
	Gert Kootstra, Arco Nederveen and Bart de Boer

	Of Mechanism Design and Multiagent Planning
	Roman van der Krogt, Mathijs de Weerdt and Yingqian Zhang

	Metrics for Mining Multisets
	Jeroen Laros and Walter Kosters

	A Hybrid Approach to Sign Language Recognition
	Jeroen Lichtenauer, Emile Hendriks and Marcel Reinders

	Improved Situation Awareness for Public Safety Workers while Avoiding Information Overload
	Marc de Lignie, BeiBei Hu and Niek Wijngaards

	Authorship Attribution and Verification with Many Authors and Limited Data
	Kim Luyckx and Walter Daelemans

	Agent Performance in Vehicle Routing when the Only Thing Certain is Uncertainty
	Tamás Máhr, Jordan Srour, Mathijs de Weerdt and Rob Zuidwijk

	Design and Validation of HABTA: Human Attention-Based Task Allocator (Extended Abstract)
	Peter-Paul van Maanen, Lisette de Koning and Kees van Dongen

	Improving People Search Using Query Expansion: How Friends Help to Find People
	Thomas Mensink and Jakob Verbeek

	The tOWL Temporal Web Ontology Language
	Viorel Milea, Flavius Frasincar and Uzay Kaymak

	A Priced Options Mechanism to Solve the Exposure Problem in Sequential Auctions
	Lonneke Mous, Valentin Robu and Han La Poutré

	Autonomous Scheduling with Unbounded and Bounded Agents
	Chetan Yadati Narasimha, Cees Witteveen, Yingqian Zhang, Mengxiao Wu and Han La Poutré

	Don´t Give Yourself Away: Cooperation Revisited
	Anton Nijholt

	Audiovisual Laughter Detection Based on Temporal Features
	Stavros Petridis and Maja Pantic

	P3C: A New Algorithm for the Simple Temporal Problem
	Léon Planken, Roman van der Krogt and Mathijs de Weerdt

	OperA and Brahms: a symphony? Integrating Organizational and Emergent Views on Agent-Based Modeling
	Bart-Jan van Putten, Virginia Dignum, Maarten Sierhuis and Shawn Wolfe

	Monitoring and Reputation Mechanisms for Service Level Agreements.
	Omer Rana, Martijn Warnier, Thomas B. Quillinan and Frances Brazier

	Subjective Machine Classifiers
	Dennis Reidsma and Rieks op den Akker

	Single-Player Monte-Carlo Tree Search
	Maarten P.D. Schadd, Mark H.M. Winands, Jaap van den Herik, Guillaume Chaslot and Jos W.H.M. Uiterwijk

	Mental State Abduction of BDI-Based Agents
	Michal Sindlar, Mehdi Dastani, Frank Dignum and John-Jules Meyer

	Decentralized Performance-aware Reconfiguration of Complex Service Configurations
	Sander van Splunter, Pieter van Langen and Frances Brazier

	Combined Support Vector Machines and Hidden Markov Models for Modeling Facial Action Temporal Dynamics
	Michel F. Valstar and Maja Pantic

	Reconfiguration Management of Crisis Management Services
	J. B. van Veelen, S. van Splunter, N.J.E. Wijngaards and F.M.T. Brazier

	Decentralized Online Scheduling of Combination-Appointments in Hospitals
	Ivan Vermeulen, Sander Bohte, Sylvia Elkhuizen, Piet Bakker and Han La Poutré

	Polynomial Distinguishability of Timed Automata
	Sicco Verwer, Mathijs de Weerdt and Cees Witteveen

	Decentralized Learning in Markov Games
	Peter Vrancx, Katja Verbeeck and Ann Nowé

	Organized Anonymous Agents
	Martijn Warnier and Frances Brazier

	Topic Detection by Clustering Keywords
	Christian Wartena and Rogier Brussee

	Modeling Agent Adaptation in Games
	Joost Westra, Frank Dignum and Virginia Dignum

	Monte-Carlo Tree Search Solver
	Mark H.M. Winands, Yngvi Björnsson and Jahn-Takeshi Saito


	Demonstrations BNAIC 2008
	Automatic Generation of Nonograms
	Joost Batenburg and Walter Kosters

	Monte-Carlo Tree Search: A New Framework for Game AI
	Guillaume Chaslot, Sander Bakkes, Istvan Szita and Pieter Spronck

	Multimodal Interaction with a Virtual Guide
	Dennis Hofs, Mariët Theune and Rieks op den Akker

	DEIRA: A Dynamic Engaging Intelligent Reporter Agent (Demo Paper)
	François L.A. Knoppel, Almer S. Tigelaar, Danny Oude Bos and Thijs Alofs

	Demonstration of Online Auditory Scene Analysis
	Dirkjan Krijnders and Tjeerd Andringa

	A Generic Rule Miner for Geographic Data
	Joris Maervoet, Patrick De Causmaecker and Greet Vanden Berghe

	Face Finder
	Thomas Mensink and Jakob Verbeek

	OperettA: A Prototype Tool for the Design, Analysis and Development of Multi-agent Organizations
	Daniel Okouya and Virginia Dignum

	Browsing and Searching the Spoken Words of Buchenwald Survivors
	Roeland Ordelman, Willemijn Heeren, Arjan van Hessen, Djoerd Hiemstra, Hendri Hondorp, Franciska de Jong, Marijn Huijbregts and Thijs Verschoor

	Temporal Interaction between an Artificial Orchestra Conductor and Human Musicians
	Dennis Reidsma and Anton Nijholt

	Emotionally Aware Automated Portrait Painting
	Michel F. Valstar, Simon Colton and Maja Pantic

	Demonstration of a Multi-agent Simulation of the Impact of Culture on International Trade
	Tim Verwaart and John Wolters


	List of authors



