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Abstract
In this thesis, the possibility to use a Restricted Boltzmann machine (RBM), to represent the
production and comprehension model of an agent in an agent-based model, is studied. With
these models, language change could be simulated. This is useful to get a better understanding
in the way languages change and even simulate it while it happens. RBMs are used because
they provide a nice feature which enables an agent to both speak and listen. The same RBM
is used to produce a signal given a concept and to produce a concept given a signal. Classic
neural networks only go in one direction, from input to output. In one model, Language games
are played between agents using RBMs. Both a population agent-based model and an iterated
learning agent-based model are used here.

First, good values for the parameters of the RBM should be found before it can be used to
simulate communication well. Experiments were done varying the number of hidden units, the
initial values for the weighs and biases, the learning algorithm and learning rate, and the number
of loops through the training data. For each experiment the corresponding communicative success
is calculated. No obvious successful parameter setting could be concluded after the experiments.
Overall the communicative success was also low, only for less than half of the interactions between
agents, the listener gave back the correct concept. Therefore this thesis can not yet show that an
RBM could be used to investigate language change using agent-based models. However, we now
have a better understanding of the behaviour of the parameters in this communication setting.
Using this information, other settings could be exploited which may lead to more promising
results.
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1. INTRODUCTION ix

1 Introduction

The following will be investigated: is it possible to use a neural model, the Boltzmann Machine,
to simulate language change, more specifically morphological simplification? Insight is needed
about how the neural network works and about the way languages change. Therefore, two
disciplines are combined for the research in this thesis: linguistics and computer science.

First some information is given about ways in which a language can change and how this may
arise. One kind of language change is discussed in more detail: morphological simplification. It
happened for instance in the Alorese language, which is the case study on which the research
question is partly inspired. A useful tool to investigate this language change with, is through
computer models. More particularly, agent-based models are used to simulate the interactions
between people so we do not need years of observing actual people. To be able to simulate
morphological simplification, we need a way to make a person able to both talk and listen. This
is were the neural network, the Restricted Boltzmann machine (RBM), comes in. It is chosen
because it works in two ways, so it does not only go from input to output. Other reasons are that
it is somewhat neurologically plausible and with the restricted variant it is usable in practice.
Each person in the simulation is represented by such an RBM. The goal is to study whether it
is possible to investigate language change using an RBM, and under which of its conditions it
would be possible.

1.1 Language change

Languages evolve over time and it can take a while for a language change to settle, often a
couple of generations (Aitchison 2001). There are many possible changes that can occur. Some
examples are: words could get a different meaning, the pronunciation of words could change, or
verbs could get conjugated differently. Different causes can give rise to these and other kind of
changes (Labov 2011). Things could happen within one language community. For example the
teaching habits of parents could change through generations, or a certain social group becomes
bigger. Another possibility is that communities came in contact with each other, for example by
migration. Then, habits and ideas may be interchanged among other things on language level.

Historical linguistics is the study that looks at language change over time (Bynon 1977).A
part of the study involves trying to recreate the history of languages and to explain why and
how changes happened. This is tried here for the Alorese language. However, the study involves
much more that is not applied in this thesis, like investigating how languages are related for
example. It should not be confused with evolutionary linguistics, which looks at the biological
origin of languages. A big part of this is looking at how our species transitioned to use our
current communication (Croft 2008). In this paper, the changes of languages are studied with
respect to human interactions, not the evolution of the brain to understand a language.

Studying language change demands a lot of data and observation over a large period of time.
Often, this data is not available. Computer simulations, or more specificaly, agent-based models
can help understand languages, which saves time and could be beneficial when data is missing
(Ke et al. 2008). An extra advantages is for example that language changes can be simulated as
they are taking place.

1.2 Morphological simplification

A change that could occur in a language is morphological simplification. In linguistics, morphol-
ogy is the study of words and its internal structure (Kolenchery 2015). The smallest piece of
a word with a meaning is a morpheme, which can be the word or a part of it (Radford et al.
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2009). Two types of morphemes exist. A free morpheme has a meaning on its own. A bound
morpheme should be combined with (an)other morpheme(s) before there is a meaning. The
latter are mostly affixes. In English, ’talk’ is an example of a free morpheme. An example of a
bound morpheme is the suffix ’-s’. Together with the former one, this can be used to express ’he
talks’. If interested, Radford et al. give the different kind of morphemes in more detail in part
2: Words (2009).

A morphological simplification means that some morpheme(s) disappeared or simplified over
time (Kusters 2000). Many things could cause this kind of change but Atkinson, Smith & Kirby
(2018) present a theory that language’s morphology tends to simplify if it gets many adult
learners. It goes together with a theory which states that learning on a later age tends to be
more challenging.

1.3 Case study: Alorese
In the Austronesian language Alorese, spoken on the Alor and Pantar islands, morphological
simplifications were described by Klamer (2011). One specific simplification was chosen as inspi-
ration for the research in this paper.

In English, verbs are conjugated differently for different persons, and the same applies for
the Alorese language. However, for the latter a prefix is added for the verb and not a suffix as
with English. After some research was done, this seems to be a simplification and, prior, adding
suffixes after verbs was also done (Moro 2019).

Lamaholot is the closest genealogical relative of Alorese, and here the prefixes are still used
(Nishiyama and Kelen 2007). Proto-Lamaholot is the shared ancestor of Alorese and Lamaholot
and a simplification took place after Alorese split from Lamaholot and came in contact with
the neighbouring Papuan languages (the languages on Alor and Pantar). The latter are not
genealogically related to the Alorese languages (Klamer 2012).

In Figure 1 the regional context of Alorese is given.

73Papuan-Austronesian language contact

Melanesian languages on the edge of asia: Challenges for the  21st Century

1. IntroductIon.  This article is about Alorese (Alor), an Austronesian language in 
eastern Indonesia.1 It focusses on the question how Alorese came to have the grammar and 
lexicon it has today. By comparing Alorese with its closest relative, Lamaholot, as well as 
with its non-Austronesian neighbouring languages, we reconstruct some of its history and 
structural features.
 Alorese (also refered to as Bahasa Alor, Alor, Coastal Alorese, Barnes 2001: 275) is 
spoken by 25,000 speakers in pockets along the coasts of western Pantar and the Bird’s 
Head of Alor island, as well as on the islands Ternate and Buaya (Stokhof 1975:8-9, Grimes 
et al. 1997, Lewis 2009), see figure 1. Klamer (2011) is a sketch grammar of the language. 
Alorese is the only indigenous Austronesian language spoken in the Alor Pantar archipelago. 
It shows significant dialectal variation; for example, lexical differences exists between the 
dialect of Baranusa (Pantar island) and the dialect spoken on Alor. The data discussed in 
this paper is mainly from the Baranusa dialect. All data are primary data collected during 
fieldwork in 2003.

Figure 1. Alorese as spoken Alor, Pantar, Buaya and Ternate (dark grey areas); Lamaholot 
varieties as spoken on Flores, Solor, Lembata.

 In earlier sources, it has been suggested that Alorese is a dialect of Lamaholot (Stokhof 
1975:9, Keraf 1978:9, Steinhauer 1993:645), and likewise, the map in Blust (2009a:82) 

1 I would like to thank the two anonymous reviewers of this volume and Nick Evans as co-editor 
for insightful comments and detailed suggestions for improvement. Many thanks also to Sander 
Adelaar, Antoinette Schapper, Ger Reesink, and Hein Steinhauer who commented on earlier 
versions of this paper.

Figure 1: Alorese (dark grey areas) and Lamaholot varieties as spoken on Flores, Solor, Adonara and Lembata
(Klamer 2012)

To simulate the simplification of Alorese, the closest genealogical relative is used as a starting
point. The agents, representing the people, in the model are initialised with the Lamaholot
language, or in practice an abstracted form of this language. From then on, due to interactions
between the people, a simplification such as with Alorese is tried to be simulated. Different
mechanisms are tested to find out if mechanisms leading to the current simulation of the Alorese
language exist and if so to describe them.

Originally, interactions would have been simulated with the original residents only, and a
combination with people speaking other languages. After a lot of interactions the resulting
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language would have been investigated. The other speaking people migrated due to marriage or
work and this resulted in more adult language learners (Moro 2019). A theory is that it is more
challenging to learn a language when you are older (Lenneberg 1967; Krashen 1982), which could
explain the simplification.

It is important to mention that the people speaking another language than Lamaholot were
not represented in the model discussed in this paper. However, it was explained to clarify why
this case study was used as inspiration to study morphological simplification.

The table below represents the bound morphemes that are put before or after a verb for
different persons. The prefixes are used for the prefixing verbs, and the suffixes for the suffixing
verbs. Which verbs are which is fixed and a bigger part of the verbs are suffixing verbs.

Moro

journal of language contact 12 (2019) 378-403

<UN>

382

vowel initial verbs (Fricke, 2014: 29, but cf. Nagaya, 2011: 105–106). In Lewoingu 
Lamaholot and in Lewotobi Lamaholot, some verbs hosting the A prefixes can 
appear with the default agreement prefix n- ‘3sg’ when they function as ad-
verbial expressions or as prepositions (Nishiyama and Kelen, 2007: 103; Nagaya, 
2011: 290).3 Additionally, in Lewoingu Lamaholot, some adverbials and numer-
als can occur with the default agreement suffix -ka ‘3pl’ (Nishiyama and Kelen, 
2007: 105).4 Thus, there is evidence that some forms have fossilized and have 
acquired a more grammatical meaning.

Alorese has almost entirely lost the subject agreement affixes: it has entirely 
lost the S suffixes, and the A prefixes are used only on about eight vowel initial 
verbs (for a description of the Alorese A prefixes, see section 2). Table 1 con-
trasts the agreement paradigms of Lewoingu Lamaholot and of Alorese.

The second evidence contrasts the set of derivational affixes found in La-
maholot to the total absence of any derivational affix in Alorese (Klamer, 2012: 
89–90, to appear). Lewoingu Lamaholot has seven derivational affixes, which 
are inherited from Proto-Austronesianor from Proto-Malayo-Polynesian. As 
shown in Table 2, Alorese has lost all these derivational affixes; the only pro-
ductive derivational process is reduplication.

3 One example is the verb -o’on ‘accompany, be with’, which in the form no’on functions as a 
conjunction meaning ‘and, with’. When used in this way, the verb does not agree with the 
subject, but hosts the default 3sg n- agreement.

4 One example is the adverbial aya’ka ‘too-3pl’ in the sentence mo pana bera aya’-ka (you walk 
fast too-3pl ‘you walk too fast’).

Table 1 Subject affixes in Lamaholot and Alorese

Lamaholot (Lewoingu) Alorese

A prefix (on 20 verbs) S Suffix A prefix (on 8 verbs)

1sg k- -kən k-
2sg m- -ko, -no m-
3sg n- -na, -nən n-
1pl.excl m- -kən m-
1pl.incl t- -te t-
2pl m- -ke/-ne m-
3pl r- -ka r-

Table 1: verb affixes in Lamaholot and Alorese (Moro 2019)

Some examples are given to clarify (Nishiyama and Kelen 2007). In Lamaholot ’-enun’ means
’drink’. It is a prefixing verb so when looking at the table this becomes ’kenun’ for the first person
singular. The suffixing verb ’live’ is translated as ’ia’-’ and becomes ’ia’k@n’ for the first person
singular. There is also the verb ’go’ (’-a’i-’), to which both a prefix and a suffix is assigned.

This data was used as inspiration for the data used by the model discussed in this paper,
but in reality an abstracted form of it was used. The verbs are not represented, but only the
different persons which are connected to the prefixes/suffixes as in Table 1. Prefixes and suffixes
are also viewed as one whole and phonology, which looks at speech, is not considered. Then, for
example, no conclusion could be tried to be made when a prefix ends with a vowel, and the verb
begins with a consonant. This would have made less sense because no specific verb is considered.
The fact that a verb is transitive and/or intransitive is therefore also not included in the model.
As a last abstraction, the irregular verbs present in Lamaholot are not included in the model.
The same goes for the verb ’go’ which uses both a prefix and a suffix to conjugate (Nishiyama
and Kelen 2007).

1.4 Agent-based models
An agent-based model is used to observe the overall effect that takes place when letting individ-
uals, or agents, interact with each other (Gilbert 2019). In this paper the agents are represented
by people, and from now on we will always use the term agent when talking about an individual
person. However, an agent can be any individual entity which interacts in a group: an animal,
a cell in the body, an atom, etc..

There already exist applications of agent-based models in historical linguistics. A walk
through of designing an agent-based model for historical linguistics can be found, using an exam-
ple in Dutch about the competition between regular and irregular verb inflection (Pijpops and
Beuls 2014). Another paper uses an agent-based model to predict that ’to have’ grammaticalized
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faster in English, and that subordinate clauses gained use more quickly in German.(Bloem et al.
2015)

Building an agent-based model includes: representing agents, providing an environment for
the agents, and finding a way to let the agents communicate. All the agents in the model usually
have the same goal, which in the case of language, is usually to understand each other. The
way two people communicate is depicted in Figure 2, which is known as a language game (Steels
1997).

concept

signal
produc�on

comprehensionfeedback Speaker

Listener
concept

Figure 2: communication diagram between a speaker and listener

In the diagram, two agents are represented: a speaker and a listener. A speaker tries to
communicate a concept in the world to the listener, and does this by producing an utterance,
or a spoken word. The listener receives this utterance, through perception and tries to link it to
a concept in the world. In the rest of the paper, concept and signal are used to represent the
concept and utterance (Gilbert 2008).

Each person has its own internal representation of a language because it can not hold the
entire language. It is not possible to exactly know the concept of another agent, this is done
through the utterance and the speaker can give feedback of a correct communication when a
correct reaction is given (Smith 2014).

A way to model the diagram above is through a language game. The grounded naming game
is an existing language game, which simply lets the agents invent their own names for a given
set of concepts (Steels and Loetzsch 2012). After some interaction they will come up with their
own language, consisting of a word for each concept. This is possible through the feedback that
the speaker can give. In our case study, the concept we want to represent will be the different
persons. The corresponding prefix or suffix will be represented by the signal, which will be
produced by a speaker and heard by a listener. One agent should be able to speak and listen
to another agent. The diagram above represents 2 agents, but a population is represented by
playing this little game between 2 random agents a couple of times.

A lot of agents will interact to try and simulate the morphological simplification. When
comparing the data sets of languages it could be possible to get some statistical correlations
between two language variables. However, this simulation could be useful to also get some
insights behind the mechanisms of language change. The simulation is also time saving, it takes
a lot of time to collect the needed data. Another reason why using a simulation is advantageous,
is that some language hypothesis can not be tested on a real population because of practicality
or they could maybe violate human rights.

Two kind of agent-based models were implemented: a population of agents and iterated
learning (Smith 2014). The first one is used to simulate the interactions of the agents between
one generation, and the second one between multiple generations. For the latter holds that the
linguistic behavior of one generation will be the start of the internal representation of another
generation (Kirby and Hurford 2002). This is also what happens when a child starts to learn a
language from its parents. It is useful for looking at the learn-ability of the language.
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1.5 Neural networks

There is already ongoing research on the morphological simplification of Alorese (Dekker et al.
2021), but not yet with agents represented by neural networks. However, inspiration was taken
from a proposal to tackle this problem (Dekker and De Boer 2020).

The comprehension and production model of an agent in our agent-based model is represented
by a neural network. It tries to achieve what happens in Figure 2. It is possible by means of the
human brain and therefore neural networks are used.

The neural networks in a brain are an inspiration for the computer neural models (Gurney
2018). Neurons are represented by nodes, and the connections between them are edges which
hold a number (weight). Typically, neural networks contain hidden layers, each holding some
nodes and edges to other layers. The input goes through the first layer, passing the hidden layers,
and an output is given by the last layer.

Figure 3: a neural network

The network needs to be trained, which mostly means setting the weights correctly by using
back propagation. This last step is taken care off by the neural network, you just have to give
it enough data to train with. Nudging the network to produce the correct output for a given
input, but not dealing with how this task is learned. Gurney discusses neural networks in more
detail and also presents a few applications of neural networks (2018).

Neural networks are already used a lot in different domains, also for agent-based models (Li
and Bowling 2019; Cope and Schoots 2021; Ren et al. 2020; Graesser et al. 2019; Lazaridou et al.
2020; O. Tieleman et al. 2019; Chaabouni et al. 2019; Kharitonov et al. 2020; Chaabouni et al.
2021; Bait et al. 2015). These use a language game to investigate the emergent language. It is a
language that a teacher starts to teach because of a new need of the student (Cope et al. 2021).
A lot of research exists on emergent language and there are connections with language evolution.
Here, emergent communication will also be investigated but in combination with real language
change, which is still a new topic.

The goal of representing the agent as a neural network is that in the case of this thesis the
network can find general rules to link the concepts that need to be communicated (persons), to
the signals (prefix/suffix). Some initialisation and feedback rules should be constructed by the
programmer but the internal representation takes care of how this linking is done.

A framework exists which can be used to investigate emergent language, the EGG-framework
of Facebook (Kharitonov et al. 2021). It provides you with an implementation of a multi-
agent communication game but also offers the freedom to use your own language, sender and
receiver, loss function, and other parameter settings (Kharitonov et al. 2019). Some of the before
mentioned also used this framework (Chaabouni et al. 2019; Kharitonov et al. 2020; Chaabouni
et al. 2021). By trying it as a base to implement our research question, it could be concluded that
it was not a right fit for this problem. While it implements a multi-agent game as we also need, it
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is designed for only one speaker and one listener, each with their own architecture. Recently new
code was added for making populations possible in the framework, so the problem of the single
pair could have been tackled. However, for our research question it had to be possible for an
agent to be both a speaker and a listener. The concept of teacher and student as with emergent
language, is not completely applicable in this research. We want all the agents to communicate
with each other because otherwise no simplification could be demonstrated. In the real world
this also occurred after people communicated with each other.

Making it possible to let an agent speak and listen with neural networks is not straightforward
because the network can not be used the other way around. The neural network has an input
layer and and output layer. When an agent speaks as discussed in section 1.4, the input is a
concept and it outputs a signal, and vice versa. Something exists called weight sharing (Ullrich
et al. 2017; H. Pham et al. 2018). It is not yet applied to make an agent speaker and listener,
but if it was it could possibly look as follows. Each agent would have to hold two networks,
receiving different inputs and sending different outputs. For the information gathered by one to
be transferred to the other, the weights could be shared.

Meanwhile an other solution was proposed: Boltzmann machines. The characteristic of this
older neural network could be used to let an agent be a speaker and a listener.

1.6 Boltzmann Machine

This thesis uses Boltzmann machines to represent the comprehension and production model of
an agent. A Boltzmann machine (BM) is a two layered neural network which has a visible layer
and a hidden one (Fahlman et al. 1983; Hinton et al. 1984; Ackley et al. 1985). All nodes of
both layers are connected to each other. Instead of being a deterministic model, a BM uses a
stochastic approach. It tries to discover features of an unknown probability distribution using
samples of this distribution, the training data (Fischer and Igel 2012). These samples are given
to the network as input vectors through the visible layer. The hidden layer represents hidden
features of the data which will be used to model the underlying distribution.

BMs could be useful for our research question. The concepts and their corresponding signals
would be given to the visible layer. Each of them occupies a fixed number of visible nodes.
Finding the underlying features of the mappings of concepts and signals, could be done with the
BM. An application of BMs is that, after they are trained, they can complete partial data (Mu
et al. 2015). This application suggests that it could be possible for an agent represented by a
BM, to both speak and listen. The partial data would be just the concept or just the signal. If
only the visible units representing the concept are turned on, the BM should be able to complete
the data with the signal part, and vice versa. It is possible because a BM does not just match
an output to an input but generalises over the data. In our case over the mappings between
concepts and signals.

Applications of the Restricted Boltzmann machine (RBM) in linguistics already exist, also as
the independently invented similar harmonium (Legendre et al. 1990; Boersma 2019). Not yet
however to represent agents with RBMs to let them interact with each other, by speaking and
listening.

BMss, and in particular RBMs are explained in detail in section 2. The information about
the internal workings of the model was used to make certain design decisions.

1.7 Research question

The research question that will be investigated is: How can an RBM be used in an agent-based
model to study language change? The goal is to use an RBM to discover features about the lan-
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guage and so discover patterns. In particular, for which person to use which suffix/prefix. Here,
BMs are used for another purpose than usual. Generally BMs are chosen for recommendation
and recognition problems. Instead of creating a neural network from scratch, we try to use an
existing one to our advantage. There is already a lot of research about using neural networks for
language emergence, but less about language change.

As mentioned before, RBMs will be used to try simulating morphological simplification. The
first step will be to investigate if it is possible to use RBMs to simulate communication between
agents who can be speakers and listeners. This will be applied to the case study of the Alorese
language, but rather using more abstracted data inspired by this language. This includes checking
different circumstances of the RBM, looking for which parameters RBMs are fit to investigate
language change.

Two approaches are made to investigate this. A population is made, which is done because
real communication is done in a larger community and not only with 2 people. It will only be
possible to simulate simplification when there is enough interaction. Secondly, iterated learning
is applied because it is commonly used in evolution literature and will more show the learning
point of view. It will add value because it is not often used yet with neural networks.

If this hypothesis is not rejected, more detail will be given on how an RBM could be used
for the problem. The parameters of the RBM used for simulating the communication will be
discussed in section 3.4. As a second step, a second null hypothesis will be introduced: It is
possible to use RBMs to simulate language change after interaction between agents who can be
speakers and listeners.

2 Restricted Boltzmann machine

In this section, RBMs are discussed in more detail. First, a bit of history is given to show how
they evolved to computational models. The related models are also discussed in this section.
From then on the focus will lay on RBMs, with a detailed explanation of its internal structure
in section 2.2. It is assumed that the visible and hidden units are binary. Training an RBM and
different learning algorithms for the RBM are explained in section 2.3. Lastly, for the interested
reader a summary is given about Markov Random fields (MRF) and the Markov chain Monte
carlo method (MCMC) because RBMs are a kind of MRFs and a part of the learning algorithms
are based on the MCMC method.

2.1 History of RBM and related models

In the 1980s the Boltzmann machine (BM) was first proposed (Fahlman et al. 1983; Hinton et al.
1984; Ackley et al. 1985). A BM is a neural network with two layers: a visible layer and a hidden
layer. All the visible nodes (denoted with a ’v’ in Figure 4) are connected with each other, and
so are the hidden ones (denoted with a ’h’ in Figure 4). There is also a connection between each
visible and each hidden node (Fischer and Igel 2012).

Typical neural networks, deterministic systems, are provided with an input and give back
the desired output by using the back propagation algorithm (Gurney 2018). A BM does not use
this algorithm, which alters the weights of the neural network when an input is given by using
the feedback of the target output. There is no output used by a BM, it alters the weights when
an input is given by using a loss function for the data. BMs only use input for learning and
are therefore models used for unsupervised learning (Barlow 1989). The need of labeled data, as
with supervised learning (Cunningham et al. 2008), is discarded and useful features of the data
are tried to be found.
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Figure 4: A Boltzmann machine with 4 visible units denoted by v and 3 hidden units denoted by h.

The data, for which the hidden features need to be discovered, is given to the visible layer.
Generalizing the data into features is done in the hidden layer. Instead of trying to produce an
output, the hidden layers are updated based on the input given to the visible units. Based on
the hidden units the input is tried to be reconstructed in the visible units.

Something that has already been a problem many times, is the fact that a model can work
theoretically but there is not enough computational power to do this in practice. For BM this
was also the case, in which learning is an NP-hard problem (Bovet et al. 1994).

Finding the hidden features, means computing the maximum likelihood (Le Cam 1990) or
gradient (Kelley 1962) in an undirected graphical model (Fischer and Igel 2012). The first
computes the probabilities for each connection in the BM, or in other words the chance that
two nodes are turned on together. This is often not possible to compute in practice and instead
gradient is used to compute the highest possible likelihood. Gradient works with minimizing a
loss function, which computes the difference between the distribution of the training data and the
current distribution of the model you are training.Both approaches are computationally hard.
By adding only one hidden unit, for each connection it forms, an extra probability needs to be
computed. All the new connections also have a consequence for the number of terms that need
to be computed in the loss function of the gradient.

Therefore the Restricted Boltzmann machine was proposed as a first solution (Hinton and
Sejnowski 1986; Freund and Haussler 1994a). The harmonium was also proposed independently
and later turned out to work the same as the RBM (Smolensky 1983; Smolensky and Riley
1984). The in-layer connections are removed as can be seen in Figure 5. This means that less
probabilities needed to be computed, which is computationally better but has less expressive
strength than the regular BM. However, this still turned out to be too computationally difficult
until Hinton came with a more simple algorithm which made use of approximations (2012). This
algorithm will be discussed in section 2.3.

Since the solutions for the computational problem were found, there were many applications of
the RBM algorithm. Among others in classification (Tomczak and Zięba 2015), feature learning
(Han et al. 2016), dimensionality reduction (Vrábel et al. 2020), and collaborative filtering in
recommendation systems like Netflix for example (Salakhutdinov et al. 2007; Behera et al. 2021).

Until now only two-layered RBMs were considered, but there are problems for which these
were not strong enough. That is why Deep belief networks (DBN) were investigated because they
may generalize better and should be less prone to overfitting. Hinton introduced this DBN and
drew attention to Boltzmann machines with it (2006). It also was a beginning for the current
deep learning (Wang and Raj 2017). They are RBMs that are stacked and connected with each
other as shown in Figure 6 (Hua et al. 2015). Every layer is connected, so the hidden nodes
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Figure 5: A Restricted Boltzmann machine with 3 hidden nodes and 4 visible nodes

become the input of the second RBM. However, there is no connection between the components
of different layers. This kind of network increases the expressive power and enables the learning
of features from features. It should however be taking into account that gaining expressiveness
results in a computational harder problem again.

The handcrafted features are functions which ag-
gregate the raw data of each 30 second window and
each sensor channel into a value. For the ten channels
of the Zephyr sensor and the six channels of the two
MSR accelerometers, this results in a feature vector of
96 components per 30 second sleep stage event. With
these features a Random Forest classifier of 99 trees
was learned. The confusion matrices in Tables 1, 2
and 3 show the classification accuracy of the learned
classifiers based on a tenfold cross-validation.

Table 1: Confusion matrix: Handcrafted features MSR.

Instances: 20271
Correctly Classified: 15434 76.1%

Predicted
% REM Wake N1 N2 N3

REM 83.2 3.9 9.0 3.6 0
Wake 0.9 84.6 10.4 3.7 0

N1 7.4 14.7 49.3 27.6 1.0
N2 1.5 4.0 13.3 76.9 4.4
N3 0 2.6 1.6 7.3 88.2

Table 2: Confusion matrix: Handcrafted features Zephyr.

Instances: 4891
Correctly Classified: 3797 77.6%

Predicted
% REM Wake N1 N2 N3

REM 87.2 1.9 2.7 6.6 1.7
Wake 0.8 86.7 5.4 6.2 1.0

N1 12.6 16.4 26.6 40.7 3.7
N2 2.7 3.4 7.5 79.0 7.3
N3 0.8 1.9 0.6 6.1 90.7

Table 3: Confusion matrix: Handcrafted features MSR &
Zephyr.

Instances: 4695
Correctly Classified: 3790 80.7%

Predicted
% REM Wake N1 N2 N3

REM 91.0 1.4 2.1 4.2 1.2
Wake 0 90.3 4.5 4.1 0.8

N1 8.1 16.3 32.9 41.0 1.7
N2 1.9 2.0 7.6 83.1 5.4
N3 0 2.2 0 5.7 91.3

3.3 Unsupervised Feature Learning
Using a Deep Belief Network

Feature engineering is a labour-intensive task. In-
spired by the recent enthusiasm about deep learning
(Bengio et al., 2012) we decided to find out how le-
arning a Random Forest classifier using handcrafted
features related to one using features learned via deep
learning. Especially in the context of learning sleep
stage classifiers, (Längkvist et al., 2012) have already

v1 v2 v3 vn

h11 h12 h1j

.  .  .

.  .  .

h21 h22 h2k.  .  .

input  layer:
sensor  raw  data

first  hidden  layer

second  hidden  layer:
output  layer  with
higher-order  features

Figure 3: Structure of a deep belief network of two stacked
Restricted Boltzmann Machines.

shown that unsupervised feature learning with deep
learning is promising. We followed a similar appro-
ach and automatically derived higher-order features
from the raw data of the sensors by applying a deep
belief network (DBN) built from stacked Restricted
Boltzmann Machines (RBM) – cf. Fig.3. These
higher-order features reflect significant patterns in the
underlying raw data and are therefore well suited as
features for a classifier.

We used the open source Deep Belief Network
Matlab implementation DeeBNet7 (Keyvanrad and
Homayounpour, 2014). The input vector to the DBN,
i.e. the raw sensor data for each 30 second sleep stage
event, is constructed as follows:

• For the Zephyr chest strap we have 10 channels
with a sampling frequency of 1 Hz. This amounts
to 300 components in the input vector.

• For the two MSR accelerometers we have 6 chan-
nels in total with an interpolated sampling fre-
quency of 20 Hz. This amounts to 3600 compo-
nents in the input vector.

For the approximation of the log-likelihood gra-
dient the one-step contrastive divergence (CD) met-
hod as proposed by (Hinton, 2002; Carreira-Perpinan
and Hinton, 2005) was applied. As part of future
fine-tunings we might experiment with other approx-
imation methods and parameters for the RBMs in the
DBN.

Configuring a DBN and finding a good topology
requires both expertise and experimentation (Hinton,
2012). We experimented with various combinations
of numbers of hidden layers and numbers of hidden
units for each layer and also used different numbers of
learning epochs. It turned out that the results in terms
of classifier accuracy did not change significantly.

The accuracy of the learned Random Forest clas-
sifier based on the features learned by the DBN is

7ceit.aut.ac.ir/~keyvanrad/DeeBNet%20Toolbox.html
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Figure 6: Deep belief network, Stacking 2 RBMs (Reimer et al. 2017)

At last, a similar network is discussed to give some insight in why BMs are used. BMs descend
from Hopfield networks, and are therefore closely related (Hopfield 2007). Its nodes are binary
and its connections are symmetric. In a Hopfield network, all nodes are visible as can been seen
in Figure 7. A BM is kind of like a Hopfield network with a hidden layer.

The biggest reason for introducing BMs and not just use Hopfield networks was the expres-
siveness (Freund and Haussler 1994b). Theoretically it should be able to model any distribution
with an RBM, while Hopfield networks are more limited. BMs also have hidden nodes, which
makes them more powerful but also more difficult to train and to analyse, sometimes impossible
in practice. For Hopfield networks, because everything is visible and the connections are sym-
metrical, is well understood and easier to train and analyse. Therefore Hopfield networks could
outperform BMs, so some exploration is needed before deciding to use BMs.

2.2 RBMs internal structure
We will begin by looking at the RBM again, but in more detail. All the visible nodes (v1, v2, ..., vm)
together form a vector v, which represents an input sample. The features are represented by the
hidden nodes (h1, h2, ..., hn) which form a vector h.
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(a) A Boltzmann machine with 4 visible nodes
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Figure 7: A Boltzmann machine VS Hopfield network

Important aspects of an RBM that were not discussed properly yet are the biases and weights.
Every node (vi and hj) is accompanied by a bias ai and bj . Every connection is accompanied by
a weight (wij), and W represent the matrix with these weights.

v1 v2 vm

ama2a1

b1 b2 nb

...

...
hnh2h1

wnm

Figure 8: Biases (ai and bj) and weights (wij) on an RBM with m visible nodes and n hidden nodes

These weights and biases are the parameters that will be updated when training an RBM.
When learned properly, these parameters tell you the importance of the nodes and connections.
Before explaining how they do this exactly, energy-based models need to be explained.

BMs are energy-based models, which represent a probability distribution (LeCun et al. 2006).
They come from statistical physics, in which energy is a quantitative term. The quality of a BM
is evaluated by using the idea of energy, which denotes a dependency between two variables
(Osogami 2006). A high energy means low compatibility between variables, and therefore low
probability. The configurations of variables leading to a low energy are more probable. All the
variables, or nodes, in an RBM are predefined in an energy function, which captures the global
energy of the model. Energy-based models try to minimise this function because high energy is
associated with low probability. In other words, the probability is proportional to the negative
energy.
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2.2.1 Energy function and probability distribution RBM

The energy function of an RBM looks as follow (Fischer and Igel 2012):

E(v, h) = −
∑
i

aivi −
∑
j

bjhj −
∑
i,j

vihjwij (1)

All the variables on which the function depends were already encountered: the visible units,
hidden units, biases, and weights. This function computes the energy for a state of the RBM.
Such a state consists of the binary values of the two layers, so of all the neurons. Now that the
energy function of an RBM is defined, the explanation can be given of how the bias and weight
parameters determine the probability of nodes and connections.

One advantage of the RBM can already be seen in the energy function. For a BM we would
also have the summations for the interaction between the visible units ( −

∑
a,b vavbwab) and

between the hidden units ( −
∑

a,b hahbwab). Now, only the interaction between visible and
hidden units are needed ( −

∑
i,j vihjwij), because an RBM has no inter layer connections.

After training, the bias and weight parameters for a given data set should ensure a minimum
energy, which is not necessarily the global minimum but could be a local one. If the bias ai of
a visible unit vi is negative, vi = 1 would make the first term in the energy function big, which
would result in high energy. To prevent this, the term vi is nudged to be 0 instead of 1 (Montúfar
2016). The opposite will happen when the bias of a visible unit is positive. Hidden units, based
on their corresponding biases, will be nudged in a similar fashion. All weights can be found in
a connection matrix W . The weight of vi and hj is denoted by wij , and if it is negative, vi and
hj being one would give a higher energy. Either both or one of the units will be nudged to zero.
With a positive weight, the probability of observing both units being zero is decreased.

Now that the energy function is explained intuitively, it can be shown how the distribution
is defined. A probability distribution describes the probability of occurrence of all the different
states of the model (Ash 2008). More specifically, the likelihoods of all the values of a random
variable, within a given range. An RBM is in a certain state every time step, in which state
depends on the distribution. Therefore, an RBM is probabilistic, unlike other deterministic
neural networks such as classic feed-forward networks.

To go from the energy of a state with vector v and h, to a probability is intuitively just
dividing it by the total energy of all possible vectors. However, because negative energies are
possible, dividing by a summed energy would not result in the correct probability. For example,
summing −1, 3, and −2 would result in a total of 0, but we cannot divide by zero. Therefore the
probability of a state with vector v and h is given by:

p(v, h) =
e−E(v,h)

Z
(2)

with
Z =

∑
v,h

e−E(v,h) (3)

It is called a joint probability distribution, the probability that two events, a state with vectors
v and h, are observed together (Fischer and Igel 2012). Again, something borrowed from physics
because this particular distribution is known as the Boltzmann distribution in physics (Boltzmann
1872). It gives the probability that a particle can be observed in the state, given a certain energy.

To see what 2.2.1 does intuitively, Figure 9 shows the graphic representation of the function
(y = e−x). It makes positive but relative values of the input x. It can be seen that a low energy
x, will result in a high positive value y, which will result in a high probability when dividing it by
the partition function. Therefore the negation, because otherwise the graph would be mirrored
on the y-as. This would result in a low probability for a low energy.
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Figure 9: Graphic representation numerator softmax function

2.2.2 Sampling with conditional probabilities

First, the sigmoid activation function is introduced because a way is needed to represent the
values of the model by probabilities (Basta 2020):

sig(x) =
1

1 + e−x
(4)

It outputs the probability that a node is one. When the function is called on the score of a node,
it outputs the corresponding probability. High negative numbers will give a probability close to
0, and low negative numbers a probability close to 1. This can be seen in Figure 10. It will be

Figure 10: Graphic representation sigmoid function

used to calculate the conditional probabilities below (Fischer and Igel 2012). They are introduced
because computing joint probabilities (section 2.2.1) is too difficult. The partition function Z
needs to go through an exponential number of combinations of v and h. A conditional probability
computes the probability of a state a given a state b, which has less possible combinations. In
notation the difference can be found in the separator of the two states. Conditional probabilities
are denoted by p(a|b) and joint probabilities by p(a, b).

The conditional probabilities will be used to obtain the values for the hidden nodes, given
the values of the visible nodes, so given the input vector. Obtaining values for the visible nodes
given the values for the hidden nodes is also done using conditional probabilities. These formulas
will be very similar because an RBM is undirected and all nodes are connected with each other
between layers, and therefore an RBM is symmetric.
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First phase Binary data is used, so a visible node is turned on or not. Each visible node holds
one component of a data vector. Together, all the visible nodes form one input data of the data
set we want to extract features from. The hidden units are also binary, and which of these nodes
turn on depends on the given input.

In the first phase, or forward pass, the score for each hidden node is calculated for a given
input vector (Behera et al. 2021). The activation function above will convert the scores to
probabilities, which gives the probability that a hidden node should turn on. A hidden node’s
score depends on the visible nodes that are turned on, the weights of their connections with
the current hidden node, and the bias of the hidden node. The score, and therefore also the
probability, does not depend on the other hidden nodes.

The probability of turning a hidden node j on, if a visible node i is turned on is given by
(Fischer and Igel 2012):

p(hj = 1|vi = 1) = sig(wijvi + bj) (5)

Following, gives the probability of turning a hidden node j on, if the input vector v is given:

p(hj = 1|v) = sig(
∑
i=1

wijvi + bj) (6)

So all the visible nodes that are turned on, are multiplied with the weights of their connection
with hj . The visible nodes that are turned off result in a zero value. These multiplications are
summed and this is again summed with the bias of hj (Figure 11). This is done for every hidden
node, multiplying with their own weights and biases (Figure 12).

For the probability of a certain hidden vector given a visible vector, the product of the
probability of each hidden node can be taken:

p(h|v) =
∏
j

(p(hj |v) (7)

When looking at this formula it can also be seen that the probability of a hidden node is in-
dependent of the probabilities of the other hidden nodes. In probability theory two events
are independent if the joint probability equals the product of their probabilities (Ash 2008):
P (A ∩B) = P (A)P (B), and therefore P (A|B) = P (A).
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Figure 11: All visible units combined for one hidden unit.

Depending on the probability calculated for a hidden node, the node is turned on or not.
Specifically, a random value is computed and if the probability is greater than this value, the
node will be 1. The features represented by the hidden layer take a certain value which should
be fitting to the input vector.
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Figure 12: All visible units combined for all hidden units.

Second phase The second phase can also be called the reconstruction phase or backward pass
(Behera et al. 2021). Here, the input vector given in phase one is tried to be reconstructed in
the visible nodes. Therefore, the probabilities of the visible nodes are calculated based on the
activation’s of the hidden layer from the forward pass.

The probability of turning a visible node i on, if a hidden node j is turned on is given by
(Fischer and Igel 2012):

p(vi = 1|hj = 1) = sig(wijhj + ai) (8)

Following, gives the probability of turning a visible node i on, if the activation’s of the hidden
units are given:

p(vi = 1|h) = sig(
∑
j=1

wijhj + ai) (9)

These work in a similar fashion as for the forward pass but in the other direction. Again the
probability above should be calculated for each visible node (Figure 13), their binary values are
based on these probabilities. For the probability of a certain visible vector given a hidden vector,
the product of the probability of each visible node can be taken. As with the hidden nodes in
the paragraph about the first phase, the probability of a visible node is independent from the
probabilities of the other visible nodes.

p(v|h) =
∏
i

(p(vi|h) (10)

Now, an approximation of the original input can be found in the visible layer.
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Figure 13: All hidden units combined for all visible units.
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2.3 Training an RBM

Before, we assumed that the RBM had already learned the weights and biases fitting to the input
data, or in other words the underlying probability distribution. This was to explain how these
parameters were used, but this section will discuss how they are trained.

An RBM is trained by giving it a batch of training data (Hinton 2012). Obtaining an RBM
that models this data well includes letting it assign high probability to these data vectors. One at
a time such an input vector is represented by the visible nodes of the network and the biases and
weights are updated accordingly. This training should continue until the distribution underlying
the training data is modeled by the distribution represented by the RBM.

How the updates are done exactly depends on the training algorithm used. Further in this
section (Persistent) Contrastive Divergence and Parallel Tempering are discussed. These are also
the learning algorithms available in the library that is used in the implementation coupled to
this thesis. First, Gradient descent and Gibbs sampling are introduced because the algorithms
use these techniques to make training possible in practice.

2.3.1 Gradient descent

First, a summary is given about how Gradient descent (GD) works (Ruder 2021). It is used as a
general algorithm for optimization, more specifically for optimizing the function that represents
some data points. With the RBM it is also the goal to optimise its parameters so they represent
the distribution underlying the data points. GD is useful because any kind of function can be
optimised and it works for multiple parameters. It starts with an initial guess of the parameters
and it updates them step by step. First, a loss function that suits the data should be defined. It
basically represents the difference between the observed data points and the values of the current
approximation of the function (residuals). Therefore, the goal is to find parameter values for
which the loss function is the lowest. Than, there is a small difference between the distribution
of the model and the underlying distribution. Minimizing the value of the loss function is done
by taking its derivative (Spring 1985). When filling in the parameters and it results in zero, the
parameters that result in a minimum are given. Therefore, for each step the current parameters
are filled in, and the result gives an idea of how good they describe the underlying distribution.
When we have multiple parameters of the same function, the derivative of each parameter is
taken. These derivatives are called the gradient of the loss function. Now that we have the
gradient, the parameters should be initialised, which for example can be done random. These
values of the parameters are plugged into the gradient, or derivatives. The resulting values are
not only used to evaluate the current function but they are also used to calculate the next values
of the parameters. This way, the steps taken to new values are proportional to the results of
the gradient, and therefore less possibilities need to be computed. Big steps are taken if the
results lay far from the minimum of the loss function. Small steps are taken when they lay close
to the minimum. When the step size is very close to zero or the maximum number of steps is
taken, GD stops and returns the current values of the parameters. Making sure the step size is
not too big, is done by using a learning rate. It is multiplied with the step size, which is in its
turn subtracted from the old parameter value to get the new parameter value. In Figure 14 two
graphs executing GD can be seen, each with another learning rate. GD is very sensitive to its
learning rate.

Stochastic Gradient descent (SGD) is a variant of GD used when there are a lot of data points
and different parameters (Ruder 2021). It takes one data point, or in practice a mini-batch of
data points, at random. Which will be faster than using all of the data as in GD.
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Figure 14: GD algorithms: left with a lower learning rate than right

Using GD for RBMs The loss function that can be used for RBMs is the average negative
log-likelihood of the probability of an input vector (Midhun et al. 2014). This function can be
found in Figure 15, on which we see that a high probability of a data sample gives a low loss.
Which is what we need, the goal is thus to minimize this loss function. Sometimes the approach
of maximising the log-likelihood is taken instead of minimising the negative log-likelihood, then
the negative sign is dropped (Fischer and Igel 2012).

Figure 15: loss function:L(x) = −log(x) (Lj 2017)

The log of the likelihood is taken because then the product can be written as a sum using the
log rule log(ab) = log(a) + log(b), and this is equivalent because the log function is monotonically
increasing (Jordan and Bishop 2004). Below the likelihood and negative log-likelihood are given:

p(x) =
∏
m

p(xm) (11)

− 1

M
log(p(x)) =

∑
m

−log 1

M
(p(xm)) (12)

The probability of v is given by
∑

h p(v, h), and by filling in the formulas of section 2.2.1 and
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using the log rule log(ab ) = log(a) - log(b), log(p(x)) can be rewritten as:

log(p(x)) =
∑
m

log

(
1

Z

∑
h

e−E(v,h)m

)∑
m

log

(
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v,h e
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∑
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)

=
∑
m

log

(∑
h

e−E(v,h)m

)
−
∑
m

log

∑
v,h

e−E(v,h)

 (13)

The goal is now to minimize the loss function, and therefore we need to take its derivative.
The parameters that need to be adjusted are the weights Wij and biases ai and bj , found in the
energy functions. Therefore, the partial derivative of this function is calculated for each of them.
The next formula give the derivation for a parameter θ (Midhun et al. 2014). Fisher further
explains the derivation steps (2012).

∂ − log(p(vt))

∂θ
= Eh

[
∂E(vt, h)

∂θ
|vt
]
− Ev,h

[
∂E(v, h)

∂θ

]
(14)

with E, the expected value:

E [X] =
k∑

i=1

xipi (15)

with X having x1, ..., xk possible outcomes with their corresponding probabilities p1, ..., pk.
The derivation results in a difference of two terms: one depending on the observation and

another depending only on the model. The first term of the derivation is possible to compute with
the conditional probabilities of section 2.2.2. However, the two parameters for the expectation
of the second term make it very hard to compute because of the exponential sum over v and h.
To approximate this term, the different learning algorithms come in.

2.3.2 Gibbs sampling

Samples from the distribution in our model are obtained by using Gibbs sampling (Gelfand 2000).
It is applicable when joint probabilities are too difficult to obtain and the conditional probabilities
are available for each variable (each node). The conditional probabilities are obtained as discussed
in section 2.2.2. This is possible because of the independency in layers. A node only depends on
the nodes of the other layer.

With Gibbs sampling you start with an initialisation of all the variables (θ1, ..., θr), which
are the partitions of θ (a vector). The conditional probabilities of each θk should be available.
After one iteration the vector θ is updated by updating each of its components. this is done
using the corresponding conditional probability given the variables from the previous time step.
Computing θ(t) is done using Algorithm 1.

Algorithm 1 Gibbs sampling for θ, partitioned in r blocks (θ1, ..., θr)

1: initialize θ(0) = (θ
(0)
1 , ..., θ

(0)
r )

2: for t = 1, 2, . . . do
3: for k = 1, 2, . . . , r do
4: draw θ

(t)
k from = P (θk|θ(t−1)

1 , ..., θ
(t−1)
k−1 , θ

(t−1)
k+1 ..., θ

(t−1)
r )

5: end for
6: end for
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A couple of variants exist for this sampling method (Oppermann 2018). Let’s say you got
vectors X and Y instead of one vector θ, and the conditional probabilities are P (X|Y )) and
P (Y |X). Now X0 and Y 0 are initialised, and they are updated each iteration. First, Xt is com-
puted with the conditional probability of X given Y t−1 (P (X|Y t−1)). The new Y t is computed
with the conditional probability P (Y |Xt), given the just computed Xt. These two steps are
repeated for a certain number of iterations.

Something similar will be done with the RBM (Fischer and Igel 2012). Now, X and Y
represent the visible and hidden vector respectively, we will call them v and h accordingly. This
is to make clear that the same probabilities are used as in section 2.2.2. The initialisation step
is slightly different because now only v0 is given and the value of h0 will be sampled as in the
iteration step, conditional on v0. Initialising v0 could be done with an input vector from the
training data for example. The iteration step, sampling from the conditional distribution of v
and than of h, is repeated k times. The algorithm and graphical representation can be found in
Algorithm 2 and Figure 16.

Figure 16: Gibbs sampling on an RBM (Oppermann 2018)

Algorithm 2 Gibbs sampling in an RBM with visible layer V and hidden layer H

1: initialize v0 & h0 ∼ P (h|v0)
2: for t = 1, 2, . . . do
3: vt ∼ P (v|ht−1)
4: ht ∼ P (h|vt)
5: end for

2.3.3 Contrastive divergence

Contrastive divergence (CD) is the best known technique among all the learning algorithms
for RBMs (Hinton et al. 2006; Hinton 2002). It will introduce a way to estimate the double
expectation, which is the second term in the derivation of the loss functions (14). The term will
be replaced by a point estimate of the expectation, given one observation x̃. As will be discussed
in section 2.4, this corresponds to doing a Monto Carlo estimate.

First, it will be discussed how x̃ is obtained. In the best case, this data point is a sample from
the model distribution. To imitate this, Gibbs sampling is used (section 2.3.2), which should be
quite efficient for RBMs because of the independency within the layers. In CD Gibbs sampling
initialises the starting v with the training sample for which an update needs to be done, and
for which the gradient needs to be computed. Unlike with standard Gibbs sampling, for which
a random variable is sampled. It is done for k iterations, which results in the data point x̃. In
practice, k does not need to be big (Bengio and Delalleau 2009).

To recapitulate, the positive term in 14 will sample h given the data point xt. For the negative
term, h will be sampled given the data point obtained from Gibbs sampling starting from the
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data point xt. This gives us this new derivative (Bengio and Delalleau 2009):

∂ − log(p(vt))

∂θ
≈ ∂E(vt, ht)

∂θ
− ∂E(ṽ, h̃)

∂θ
(16)

The basic idea of the algorithm is that when an input vector is given, the energies of the model
including this vector should be lowered, and all the other energies should be raised. However, due
to the computation of the many possibilities, we could raise them all but it also takes too long
to go through all the energies. Another technique is used which will eventually give the same
result. One energy belonging to the input vector is lowered, and one random energy is raised.
For the latter, even if this is an energy belonging to the input vector, one of those energies was
also lowered so this has no negative impact. Otherwise, it has a positive impact so this is a good
approach. This can be seen in the derivative of the loss function (14), the positive term is the
energy at the training data so it should be lowered. It corresponds to increasing its probability,
Which will make the gradient lower as was intended. For the negative term, the energy at the
sample value of the model, the opposite is true.

In the first stages of the algorithm, the data point x̃ will be noise because of the model still
approximates the distribution poorly due to the random initial values for the parameters. By
decreasing the probability of visible vectors which are not the training data, x̃ will be looking
more and more like actual training samples. When proceeding with the algorithm for a while, the
sampled data from the model x̃ should be getting more and more similar to the training. This
implies that the gradient should be getting smaller. To sum up, each iteration of CD, a training
vector xt is selected and by using Gibbs sampling the model sample x̃ is found. After calculating
the hidden vectors based on these: (h(xt) and h(ṽ), the parameters are updated using these
values. Below the actual update function of the parameters can be found, which are used after
every given training vector xt. With these update functions and α as learning rate, stochastic
gradient descent is done. They should be repeated for all the visible nodes (v1, ..., vm), hidden
nodes (h1, ..., hn), and weights between them. In other words, for every i ∈ 0, ...,m and every
j ∈ 0, ..., n.

wij ← wij + α(vtip(hj = 1|vt)− ṽip(hj = 1|ṽi)) (17)

ai ← ai + α(vti − ṽi) (18)

bj ← bj + α(p(hj = 1|vt)− p(hj = 1|ṽi)) (19)

These functions were found by assigning θ to each parameter in turn and working it out
further.

2.3.4 Persistent contrastive divergence

In order to improve CD, Persistent contrastive divergence (PCD) was introduced (T. Tieleman
2008). Essentially it works the same as CD, but aims to do better in drawing a sample from
the model distribution. Instead of using the training vector to initialise the Gibbs sampling, it
is initialised with ṽ from the previous iteration. Only for the first iteration, the training vector
is still used to initialise. Something small is changed, but it could result in a big difference.

2.3.5 Parallel tempering

Again, a variant of CD that is mentioned a lot is given: parallel tempering (Desjardins et al.
2010; Fischer and Igel 2012; Cho et al. 2010). It holds multiple systems, each with their own
temperature. The difference between the temperatures is the distribution. Trying to prevent
getting stuck in a local minimum is done by letting systems exchange information.
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Formally we have M temperatures T1, ..., TM , with T1 = 1 and T1 < T2 < ... < TM . They
all have their own distributions (r ∈ {1, ...,M}):

pr(v, h) =
e−

1
Tr

E(v,h)

Z
(20)

with
Z =

∑
v,h

e−
1
Tr

E(v,h) (21)

The first temperature has a distribution which is exactly the model’s distribution, because the
fraction before the energy is factored out.

When a training example is given, this learning algorithm will compute a ṽ for each temper-
ature. It will do the Gibbs sampling for the given k, using their own distribution pr and the
state vr as initialisation. As with persistent contrastive divergence, vr is first initialised with the
training vector, but for the following training steps it uses its previous ṽ. Each training step, each
temperature will have their own pair of states (ṽ1, h̃1), ..., (ṽM , h̃M ). After retrieving these, we
will let the systems exchange information. It is done by letting two neighbouring temperatures
exchange their pairs with a certain probability. The latter is based on the Metropolis ratio:

min{1, pr(vr−1, hr−1)pr−1(vr, hr)

pr(vr, hr)pr−1(vr−1, hr−1)
} (22)

After these swaps were done, the updates are done as before using the model distribution’s
sample, which is ṽ1 because T1 = 1. The swaps may have exchanged ṽ1 and therefore explore
parameter values that may not have been explored otherwise.

2.4 MRF and MCMC method
For the interested reader, this section introduces the basis on which an RBM relies. A lot of
techniques described above use one or more of these concepts as a base. In a Markov Chain
(MC) you go from one state to another with a certain probability (Ash 2008). It is a Markov
process because it has the Markov property. Which says that the following state only depends
on the current state, and not on the ones before that. All the probabilities summed together
should also result in 1. One example of a Markov Chain is given in Figure 17. For example, if
we are currently in state S1, the chance we will transition to state S2 is p12.

Figure 17: a markov chain with states {S1, ..., S5} and probabilities pi,ji&j ∈ 1, 5 (Musumeci 2017)

It gives a directed graph in which the direction of the edge matters. However, we also got
an undirected graphical model called a Markov random field (MRF) (Fischer and Igel 2012). It
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is a set of random variables that have the Markov property. It could be said that MCs are 1D
Markov models and MRFs are 2D Markov models. A graphical model shows the conditional
probabilities between random variables on a graph (as for example in Figure 18).

Figure 18: a markov random field

RBMs are MRFs with hidden variables as shown in Figure 8 and the learning algorithms above
are based on Markov chain Monte Carlo (MCMC) methods in the form of Gibbs sampling.

MCMC combines the properties Markov chain and Monte Carlo (Van Ravenzwaaij et al.
2018). The latter is used when it is not possible to directly calculate with the equations of a
distribution. Instead a large number of random samples are taken of the distribution and then
examined. This way the properties of the distribution are estimated. The advantage of MC
is therefore that it is easier to compute. Markov chains are combined with this property to
introduce a way to take these random samples. The next sample is generated using the previous
sample, but as the Markov property states, it will not be using other previous samples apart
from the current sample.

3 Method
In this section an overview will be given about the experiments that were done in order to
investigate the research question from section 1.7.First, the two agent-based models used to
experiment with are discussed: a population of agents and iterated learning between agents.
Next, the data representation of the Alorese language, used as a communication tool in these
games, is introduced. In section 3.4, an overview is given about the way agents are represented
by RBMs and which design decisions are involved with this. At last, based on the information
discussed in the previous sections, the experiments are discussed in detail.

3.1 Agent-based models
3.1.1 Population of agents

The first model represents people of one generation, called agents, talking to each other. All
of them are represented by an RBM and pretrained to learn an abstract form of the Alorese
language. After this, all the agents will interact with each other.

Each time step, one speaker and one listener are randomly selected from the population and
play a language game as in Figure 2. For this research, the concept will be a person corresponding
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to its own conjugation. The signal represents an abstracted form of the affix depending on a
conjugation from the Alorese language. When the listener receives the signal, it should retrieve
and send back the concept which suits the utterance the best according to the internal structure
of the agent’s RBM. The feedback is positive if the concept was similar enough to the original
concept, and negative otherwise. When the latter applies, the listener is trained by the speaker
with the original concept. After this, two new agents are selected to interact.

The goal of letting a lot of agents interact with each other for a long time, is to see if this
could result in a simplification of the language. All agents start with a similar pretrained RBM,
but due to a lot of interaction a change in the language could arise.

3.1.2 Iterated learning

With iterated learning, multiple generations are considered, but a special feature is that one
generation is represented by one agent. The first generation is initialised, meaning the RBM of
the first agent is pretrained to learn an abstract form of the Alorese language. From then on, no
pretraining is done and every agent learns the language from another agent.

Each time step two generations interact. The older one becomes the speaker, the next gener-
ation (agent) is initialised with an untrained RBM, and the speaker trains the listener with its
knowledge of the language. It does this by generating the signal corresponding to a concept in
its internal structure, and giving this as training data to the listener. After this is done for a
lot of concepts, the listener should have its own internal representation of the language based on
the knowledge of the speaker. Now, the agent that acted as a listener becomes the speaker and
a new agent is created which will act as the listener.

Figure 19: a representation of Iterated learning (Roberts 2013)

The reason iterated learning is used for these experiments is because it can help look at the
learn-ability of a language. When the complexity of the language learned in the last generation
is compared to the complexity in the first generation for example, morphological simplification
could be detected.

3.2 Experiments in detail

For the experiments, the two agent-based models are run wit their agents as RBMs. One run
has a specific parameter setting of these RBMs. This varies by doing a couple of runs, each time
changing some value of a parameter.

First an explanation is given about how an RBM is pretrained. Then, section 3.2.2 describes
how the solution to the agent being speaker an listener problem should work exactly. Another
important part of the experiment is measuring the quality of an RBM parameter value. How this
is done exactly is discussed in the success evaluation sections. After this, the two big experimental
setups, the two agent-based models, are described in detail, and lastly the way the change in
complexity of the language is measured is described.
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3.2.1 Pretraining

A speaker needs a way to communicate a concept to the listener, this will be through the signal
(the vector representing the suffix or prefix). Like we learn our languages, the RBM should learn
to link these concepts to the signals that are commonly known. It is done by using the training
data explained in detail in section 3.3, and setting the parameters from section 3.4.

3.2.2 Simulating communication

When the RBM has properly learned, we should be able to leave the signal side of the visible
nodes empty, and the RBM should be able to reconstruct this. The same should be true when
letting the concept side empty, in the case of the listener. There will be relied on the RBM for
this communication, therefore it should be initialized and trained properly. Leaving one part of
the vector empty can be done by setting these nodes all to zero, to −1 (Behera et al. 2021), or
each one randomly to one or zero. The first approach is taken here, because setting the empty
part of the vector is actually only turning a few bits to ’True’, which is a smaller step than for
the other two options. Figure 20 shows how it would look like to retrieve the signal part from
the RBM, given the concept.

... ...... ...

...

Concept Signal

v

p(h|v) p(v|h)

Concept Signal

[0 0 0 0 0 0 0]concept vconcept+signal

Hidden layer

Visible layer

Figure 20: Giving a concept and empty signal to the RBM, which reconstruct the concept with the signal part
filled in

In practice this means that the visible units are set with one part of the vector and the other
part to zero. Then Gibbs sampling is used: The probabilities for the hidden nodes, given these
visible nodes, are calculated and used to set the hidden nodes. From these, the probabilities of
the visible nodes are calculated and used to decide which one to set, given the hidden nodes.
This should result in the completed vector, and the before empty part can be retrieved. So the
signal given the concept, or vice versa. The process above is used to let the speaker retrieve its
signal for a given concept, and for the listener to retrieve its concept for a given signal.
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3.2.3 Success evaluation

To evaluate the success of a certain parameter choice, we need a way to measure the communica-
tive success. The communicative success is the dependent variable in that case and the parameter
setting the independent variable. A communicative success takes place when the listener returns
the same concept that the speaker tried to communicate through a signal. In our case this would
mean that the first couple of visible nodes of the speaker, the ones representing the different
persons, are the same as the visible nodes found for the listener.

The RBM receives a concept with no signal linked yet by putting the second part of the
visible nodes to zero. By doing this, it may change the original concept part of the visible nodes
because this output is only based on the probabilities of the hidden units. RBM are stochastic
models, there is no guarantee an input will always give back the same output (reconstructed
input).

A solution for this could be clamping. With this technique certain nodes are fixed and cannot
be changed by the Gibbs sampling step. Unfortunately this is no feature of the library that will
be used for the experiments. We will be using a different approach to try and achieve the same
result. This would be the following design choice: keep the original concept as the one to compare
the concept of the listener with. It would also make less sense to use the other concept, which
was found after asking the RBM for the signal part. There would be no handle anymore on what
concept we really try to communicate.

An alternative way of determining communicative success could have been to make sure the
speaker links a person to the correct suffix/prefix. In other words, if it links the left side of
Table 2 to its complementary right side, which can be found in the same row. This includes the
training data, also during the interactions between agents.

In a real population, people also make mistakes but could eventually succeed in understanding
what is meant. With the latter approach, the speaker is directly punished for this mistake and
it is less natural. The first approach should normally keep the model closer to a real language
where people still understand the meaning even though the word that was used is not completely
correct.

Success evaluation redundant data The RBM is given more room for error when redundant
data is used. Even when the listener did not get the concept completely correct, it is not punished
as if it was completely wrong. This is where the Manhattan distance becomes useful. It outputs
the vector which is the result of subtracting two vectors of the same length. When only working
with ones and zeros this just gives the amount of ones that were misplaced by the RBM.

As before, the concepts are compared to represent the communicative success, so only those
parts of the vectors are subtracted. However, now it will not give a success rate but a distance,
which represents the number of bits that where different from the original concept the speaker
wanted to communicate.

3.2.4 Population

The pseudo-code for the agent-based model of the population of agents is given in Algorithm 3.
It is an overview of a whole simulation but some steps are discussed in more detail below.

Initialisation model In the first agent-based model, a population is represented using the
mesa library. A model was defined which holds a certain number of agents. At the start of a
run, each agent gets a new RBM assigned, and a pretraining is done with the data of section 3.3.
The RBM gets this batch a couple of times: the number of loops that was predefined.
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Algorithm 3 Agent-based model: population of agents
1: Initialize + pretrain RBM for the number of agents in the population
2: for r = 1, 2, . . . , number of re-dos run do
3: for i = 1, 2, . . . , number of interactions do
4: for a = 1, 2, . . . , number of agents do
5: 1) pick a random agent ar ̸= a
6: 2) Pick random concept from data set
7: 3) Get signal by giving concept to visible nodes RBM
8: 4) Give signal to RBM of ar and retrieve its concept
9: 5) Compare concept to original concept

10: end for
11: end for
12: end for

After this initialisation phase, the interactions between the agents begin and this data set
will not be used anymore. However, an extra data file was made with the signal part of each row
put to zero. It is used to deliver a concept to the speaker, as the start of an interaction. One of
these rows, and therefore the concept, is chosen randomly.

The number of people that should be in the model and the number of interactions that
should be done by each agent, need to be given to initialise the model. We take a sample from
the population on the Alor and Pantar Islands. Generally the minimum sample size is 100 and
the maximum is 10% of the population as long as it does not exceed 1000. Due to performance,
experiments will generally be done using 10 agents and the number of interactions for each step
will be 100. However, one experiment will be done with 100 agents and 1000 interactions, and
its results are compared with the ones using 10 agents and 100 interactions.

Interaction between 2 agents One agent (a1) starts the interaction with another randomly
chosen agent (a2). The speaker RBM (a1) is given a random concept, and by using the hidden
unit probabilities that where set, the concept and a signal are given back. Because we do not
use the predefined data anymore, it could be the case that this signal part does not comply with
the original concept. By concatenating 8 zeros and the signal part, an input sample is made to
give to the listener (a2). Which, in his turn, returns a complete concept and signal, according to
its hidden layer. The concept part is responded to the speaker, who evaluates this by comparing
it to its original concept.

If it results in a communicative success, the personal count of the speaker is increased, oth-
erwise it will train the listener with its original concept and the signal part that was found by
the speaker’s RBM.

It is the same if the count of the speaker or the count of the listener is increased, because the
total count of all persons is taken and is be divide through the number of persons.

Complete run of the algorithm In the model, for each iteration an interaction is started
once by each agent. This means this agent will play the speaker role. A random activation of the
agents is applied, so the order in which the agents are chosen is random. For the interaction they
choose another agent from the population randomly, who will play the listener role. Therefore
each agent starts an interaction once per iteration, but it is not known upfront how many he will
undergo. The interaction will take place as explained above, and the number of iterations is the
number of interactions as defined in the initialisation phase.
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The agents do not know each others’ internal RBM settings, the weights/probabilities that
were found after pretraining and during training. Each agent can speak to all the other agents
in the model, and consequently, each agent is able to listen to any other agent.

Parameter evaluation The parameter experiments are done by using different values for the
parameters and testing its communicative success. In a population, this means that all the
agents, when initialised, use this value for the parameter to initialise or train the RBM with. All
the parameters will be tested on how good they act in a population where a lot of interactions
take place.

The communicative success is defined as the average success per person per interaction.
Therefore it does not matter to link the communicative success to the speaker or the listener in
section 3.2.4. At the end of the run, the sum of the communicative success of each agent is taken.
To get the average, it is divided by the number of agents in the population and the number of
interactions done per agent. This will give a value between 0 and 1.

For the redundant data, and therefore the Manhattan distance, the average distance per
agent per interaction is calculated. It is done in the same way as above, except it will not give a
value between 0 and 1. Dividing it again by the length of the vector and subtracting 1 by this,
does give such a value. However, this may give a wrong interpretation on the success because
there is not a high chance that all bits, or even a lot of bits, are wrong. Getting half of the bits
wrong already should give a very low success rate instead of just 0,5.

A run for each parameter should be repeated to calculate the error of the result of the
experiment. Generally an experiment is repeated 3 times, which ensures a two-thirds (66%)
probability that the averaged results are more accurate than a single experiment. We will do five
repeats.

3.2.5 Iterated learning

Now, instead of producing a population by letting different agents interact, one agent will rep-
resent a whole generation. Each generation will interact with the next one, who will in turn
interact with the next, and this will go on for a couple of iterations. This is represented in the
following pseudo-code (Algorithm 4) for the agent-based model of iterated learning.

Algorithm 4 Agent-based model: iterated learning
1: Initialize + pretrain one RBM a1 and initialise one RBM a2
2: for r = 1, 2, . . . , number of re-dos run do
3: for g = 1, 2, . . . , number of generations do
4: for l = 1, 2, . . . , number of learning do
5: 1) let a1pick random concept from data set
6: 2) get signal by giving concept to visible nodes RBM
7: 3) give original concept and retrieved signal to train RBM of a2 with
8: end for
9: 1) a1 = a2

10: 2) a2 = a new initialised RBM
11: end for
12: end for

Initialisation model The parameters that are needed to initialise the model are: the number
of generations and the number of training iterations when two generations (two agents) interact.
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For the first, 5 or 20 generations are used, and for the latter 1000 or 100000 learning iterations
are done.

A first step is to initialise the newly added agent with an RBM, and pretrain only the very
first agent with the data set from section 3.3. The latter will become the initial generation, and
from then on this data set will not be used anymore. As in section 3.2.4, the file with concepts
will still be used to obtain random concepts for the agent to express.

Interaction between 2 agents Two possible interactions can take place: an agent can pass
its knowledge to another agent and an agent can evaluate another agent.

When an agent (a1) passes his knowledge to the next agent (a2), a concept is chosen randomly
and given to the RBM of a1, which produces the signal part. By concatenating the original
concept and this signal we obtain one data sample of knowledge of this agent (a1). This is done
for a couple of random concepts, specifically for the number that would make one batch. This
batch is given to agent a2 to train its RBM with.

Another possible interaction is letting an agent (a1) evaluate another agent a2. It will calcu-
late the communicate success with agent a2. A concept is again chosen randomly and the signal
part is returned by the RBM. Now, the interaction will continue as in section 3.2.4.

Complete run of algorithm After initialising the first generation, it acts as a teacher for the
second generation, so it will be a1 in the first kind of interaction. After doing this for the given
number of training iterations, the second generation becomes the teacher. Instead of listening to
the agent, it now becomes the speaker, and will pass its knowledge to a new third generation.
This will continue until the number of generations is reached, which is initialised in the beginning.
Any agent can evaluate another agent.

Again, the agents do not know each others internal RBM settings.

Parameter evaluation As for the population, each agent (generation) will use the same value
of the parameter that will be tested. All the parameters will be tested on how good they act in
an iteration of generations.

The communicative success between two generations is defined as the average success per
interaction. There is no population, so no need to divide by the number of people, because
a generation exists of only one agent. A number of evaluations will be done and the sum of
the communicative success of each evaluation is taken. To get the average, it is divided by the
number of iterations, which will again yield a value between 0 and 1.

For the Manhattan distance, the same approach is used. Only, it will give back an average
distance per evaluation instead of a number between 0 and 1.

3.2.6 Complexity of the language

For both agent-based models, after the best parameters are selected, we will look at the com-
plexity of the language before a run was done and after. This is done by giving the 14 concepts
from the training data and looking at the signals that are returned. It is counted how many
different signals are left after the run, compared to how many different ones there were before
the run. In the population the complexity before the interactions happened and after they have
happened are compared. For iterated learning, the complexity of the first generation and the
last generation is compared.
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3.3 Data representation

In order to model the communication in practice, we need a way to represent a concept and a
signal. They are based on the conjugations in the Alorese language, but an abstraction of it
is used. For neural networks it is not easy to pass along information that the network should
not learn. It should just be directly usable as extra information. In our case this would be the
verb. Given the verb and the person, the signal part should return the conjugated verb. Our
implementation will not look at the phonetics, so in particular not to the letters of the verb base
and the affix close to each other. Therefore, the base form of the verb does not give extra info
needed to learn the affixes, and is left away as a first abstraction. The concepts only represent
the persons and the signals only the affixes. Another abstraction, based on the fact that we will
not be looking at the phonetics, is that an affix is viewed as a whole. Rather than every letter
having their own representation, every affix has their own. It is also not taken into consideration
if a verb is transitive or intransitive, if it is an irregular verb that uses other prefixes or suffixes,
and if the verb is ’go’ and therefore has both a suffix and a prefix.

The abstracted interpretation of the Alorese language is represented in the concepts and
signals by using bit vectors. Depending on which positions are set to ’True’, a certain concept
or signal is expressed. First, each representation is explained in detail separately. Then, the way
in which they are combined is discussed.

3.3.1 Concept

The concepts will express the different persons for which a verb needs to conjugate. In the
Alorese language there are 7 persons, as can be seen in Table 1.

A one-hot vector approach is taken, for which a vector consists of a single one and the rest
are zeros (D. H. Pham and Le 2018). Each concept is represented by its own one-hot vector
and to make this possible, the vectors need a length of 7. A bit for every of the 7 persons: first
person singular, second person singular, third person singular, first person plural exclusive, first
person plural inclusive, second person plural, and third person plural. More bits are needed for
this approach because each new concept adds a new bit to the vectors. The fast growing length
of the vector is not a big problem because there are not a lot of concepts to express in this
case. An advantage of one-hot encoding is that all concepts have an equivalent representation
so no concept has a higher probability of being chosen than another one. Additionally, like this
each node, from the nodes appointed to represent the concepts in the RBM, will represent one
concept.

Using one-hot vectors makes our data very sparse. For a vector length l, there are 2l possible
bit patterns but only l are used to represent our data. In section 3.4 it will be discussed how
this should help for training the RBMs.

In the left part of the table below you will see the bit that needs to be turned on in the
vector when we want to represent a certain person. An extra bit is added at the front of the
one-hot vectors to say if we are working with a suffixing verb or not. Some verbs use a prefix for
the different persons and some use a suffix. This knowledge is passed along in the data because
it is not the task of the model to learn this. In our data there is not a fundamental difference
between them but they are used to stay closer to the Alorese language. When a more complex
representation of the data should be used, it could already use this representation of them both
as a base.

The vectors have length 8, one for the extra bit with the suffixing information plus the seven
bits representing the different persons.
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1SG 2SG 3SG 1PL. 
EXCL 

1PL. 
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2PL 3PL  
suffix 

k- m- n- t- r-  

-k∂n -ko  
-no 

-na  
-n∂n 

t- 
-te 

-ke 
-ne 

-ka 

1 0 1 0 0 0 0 0 0 0 1 0 0 0 0 0 

2 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0 

3 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 

4 0 0 0 0 1 0 0 0 0 0 1 0 0 0 0 

5 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0 

6 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0 

7 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0 

8 1 1 0 0 0 0 0 0 1 1 0 0 0 0 0 

9 1 0 1 0 0 0 0 0 1 0 1 0 0 0 0 

10 1 0 0 1 0 0 0 0 1 0 0 1 0 0 0 

11 1 0 0 0 1 0 0 0 1 1 0 0 0 0 0 

12 1 0 0 0 0 1 0 0 1 0 0 0 1 0 0 

13 1 0 0 0 0 0 1 0 1 0 0 0 0 1 0 

14 1 0 0 0 0 0 0 1 1 0 0 0 0 0 1 
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EXCL 

1PL. 
INCL 

2PL 3PL  
suffix 

k- m- n- t- r-  
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2 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0 

3 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 

4 0 0 0 0 1 0 0 0 0 0 1 0 0 0 0 

5 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0 

6 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0 

7 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0 

8 1 1 0 0 0 0 0 0 1 1 0 0 0 0 0 

9 1 0 1 0 0 0 0 0 1 0 1 0 0 0 0 

10 1 0 0 1 0 0 0 0 1 0 0 1 0 0 0 

11 1 0 0 0 1 0 0 0 1 1 0 0 0 0 0 

12 1 0 0 0 0 1 0 0 1 0 0 0 1 0 0 

13 1 0 0 0 0 0 1 0 1 0 0 0 0 1 0 

14 1 0 0 0 0 0 0 1 1 0 0 0 0 0 1 

Table 2: table of representation of concepts and signals from abstract Alorese

3.3.2 Signal

The signal, so what the listener will receive, is also represented by a one-hot vector. It consists
of the suffixes or prefixes that are used with the different persons in the Alorese language. The
different affixes can be seen in Table 1 and are shown in the top row on the right part of Table 2.
In the latter, inspired by the Alorese language, the representation of the affixes are shown using
one-hot vectors. Again, as with the concept a bit is added to know we are trying to communicate
a suffixing or prefixing verb. Therefore the length of the vector is 7: 6 bits for the affix one-hot
vectors and 1 bit for the suffixing information about the verb.

It was also possible to not use the same one-hot vector for the first suffix and the first prefix.
This would have meant that 11 different one-hot vectors were needed: 5 for the different prefixes
and 6 for the different suffixes. However, this would have resulted in a data vector that was 5
bits longer, while the suffix bit is suspected to include enough seperation between the two.

As an example we will take the one-hot vector [1 0 0 0 0 0], which can be found on the first
row, the eight row, and on the eleventh row. If the bit before this vector is zero, it represents
a prefix. More specifically the ’k-’ prefix because the bit is turned on for that column. The
bit before the vector can also be one, and then it represents a suffix, namely ’-kvn’. In the
table another abstraction can be viewed: For the suffixing verbs, for the same person, there are
sometimes two possibilities to use as a suffix. These will be represented by the same one-hot
vector.

3.3.3 Mapping the concept and signal

Combining the concept and signal results in one data vector of length 15. The reason why they
are combined, is that the RBM can complete one, both as speaker and as listener. This is a
possible solution for the problem that an agent needs to be able to be both. In the table every
row depicts such a data sample, and the whole table represents the data set that will be used
for our experiments. In total there are 14 of these training samples, representing the mapping of
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persons with their prefixes and suffixes. Two different persons with the same affix are represented
by the same one-hot vector, as can be seen in orange. As an example we will look closer to one
of these samples, [0 0 1 0 0 0 0 0 0 0 1 0 0 0 0] at row 2. Its bit is turned on for the second
person singular. When we look at the right side of this row, the bit is turned on for the prefix
’m-’ because the suffix bit is not turned on. This mapping of the 2SG and the prefix ’m-’ can be
compared to what is in Table 1. Row 12, in blue, shows that a person with the suffix bit turned
on, uses the suffix row (’t-’ and ’te-’ in this case).

 

 

 

 

 

  

Person 

 

Affix 

 
suffix 

1SG 2SG 3SG 1PL. 
EXCL 

1PL. 
INCL 

2PL 3PL  
suffix 

k- m- n- t- r-  

-k∂n -ko  
-no 

-na  
-n∂n 

t- 
-te 

-ke 
-ne 

-ka 

1 0 1 0 0 0 0 0 0 0 1 0 0 0 0 0 

2 0 0 1 0 0 0 0 0 0 0 1 0 0 0 0 

3 0 0 0 1 0 0 0 0 0 0 0 1 0 0 0 

4 0 0 0 0 1 0 0 0 0 0 1 0 0 0 0 

5 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0 

6 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0 

7 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0 
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6 0 0 0 0 0 0 1 0 0 0 1 0 0 0 0 

7 0 0 0 0 0 0 0 1 0 0 0 0 0 1 0 

8 1 1 0 0 0 0 0 0 1 1 0 0 0 0 0 

9 1 0 1 0 0 0 0 0 1 0 1 0 0 0 0 
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12 1 0 0 0 0 1 0 0 1 0 0 0 1 0 0 
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Table 3: table of representation of concepts and signals from abstract Alorese

3.3.4 Redundant data

Normally neural networks are optimised to remove redundancy (Jiang et al. 2018). However that
is about redundant hidden units which represent the same feature. The redundancy we will be
introducing is in the data. In the experiments it will be tested if this adds some reliability to
the results. Each column’s values from Table 2 will be copied, resulting in Table 4. For example
row 1 will now give this vector: [0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0] The
length of the data vectors will be doubled now and have a length of 30: 16 for its concept and
14 for its signal.

Now, when the signal is given and the concept is returned with one wrong bit, it could still
be interpreted correctly. For the signal part above, the feedback is the best for a concept that
completely aligns with the training data’s concept: [0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0]. However if
there is a bit wrong in the concept, and for example [0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0] is returned,
it does not represent another concept but is still similar to the one in the training data. The
feedback will be less positive than for the previous one but it will still be positive. Depending
on the number of bits that are wrong the feedback varies. Like this, the RBM could possibly be
robuster against noise because of the fact that an RBM is stochastic and not always returns the
same completion for a certain signal or concept.

There should be a trade off between reliability and efficiency because adding this redundancy
also doubles the length of the vector. It still has to be investigated if this realy adds reliability



3. METHOD xxxix

for our experiment.

 

  

Person 

 

Affix 

 
suffix 

1SG 2SG 3SG 1PL. 
EXCL 

1PL. 
INCL 

2PL 3PL  
suffix 

k- m- n- t- r-  

-k∂n -ko  
-no 

-na  
-n∂n 

t- 
-te 

-ke 
-ne 

-ka 

1 0   0 1   1 0   0 0   0 0   0 0   0 0   0 0   0 0   0 1   1 0   0 0   0 0   0 0   0 0   0 

2 0   0 0   0 1   1 0   0 0   0 0   0 0   0 0   0 0   0 0   0 1   1 0   0 0   0 0   0 0   0 

3 0   0 0   0 0   0 1   1 0   0 0   0 0   0 0   0 0   0 0   0 0   0 1   1 0   0 0   0 0   0 

4 0   0 0   0 0   0 0   0 1   1 0   0 0   0 0   0 0   0 0   0 1   1 0   0 0   0 0   0 0   0 

5 0   0 0   0 0   0 0   0 0   0 1   1 0   0 0   0 0   0 0   0 0   0 0   0 1   1 0   0 0   0 

6 0   0 0   0 0   0 0   0 0   0 0   0 1   1 0   0 0   0 0   0 1   1 0   0 0   0 0   0 0   0 

7 0   0 0   0 0   0 0   0 0   0 0   0 0   0 1   1 0   0 0   0 0   0 0   0 0   0 1   1 0   0 

8 1   1 1   1 0   0 0   0 0   0 0   0 0   0 0   0 1   1 1   1 0   0 0   0 0   0 0   0 0   0 

9 1   1 0   0 1   1 0   0 0   0 0   0 0   0 0   0 1   1 0   0 1   1 0   0 0   0 0   0 0   0 

10 1   1 0   0 0   0 1   1 0   0 0   0 0   0 0   0 1   1 0   0 0   0 1   1 0   0 0   0 0   0 

11 1   1 0   0 0   0 0   0 1   1 0   0 0   0 0   0 1   1 1   1 0   0 0   0 0   0 0   0 0   0 

12 1   1 0   0 0   0 0   0 0   0 1   1 0   0 0   0 1   1 0   0 0   0 0   0 1   1 0   0 0   0 

13 1   1 0   0 0   0 0   0 0   0 0   0 1   1 0   0 1   1 0   0 0   0 0   0 0   0 1   1 0   0 

14 1   1 0   0 0   0 0   0 0   0 0   0 0   0 1   1 1   1 0   0 0   0 0   0 0   0 0   0 1   1 

Table 4: table of redundant representation of concepts and signals from abstract Alorese

3.4 Parameters of RBM to experiment with

The main component in the experiments will be the Restricted Boltzmann machine, which will
represent an agent in the models from section 3.1. In section 2 RBMs were discussed in detail,
from which could be concluded that there are a lot of things to consider when using an RBM.
The task you want to carry out has to comply with the tasks for which RBMs are suited, which
is the case here. Our main goal is to enable agents to be speakers and listeners while using
neural networks. Because RBMs can reconstruct partial data, we will try to let the hidden units
retrieve features from the training data discussed in section 3.3. This should make it possible to
retrieve the missing signal when a concept is given or vice versa. The way the data is represented
could therefore be a solution for the problem to make an agent both a speaker and listener. By
mapping the concept and signal in one data sample, the roles of input and output could be
intertwined.

To do this some design decisions need to be made about the RBM, and the ones most
interesting for our experiments will be looked at. Defining the number of visible units and
hidden units needs to be done correctly. Another important item is using the learning algorithm
(section 2.3) that suites this task the best. Together with this algorithm goes the learning rate
needed for the update rules. As we saw in section, 2.3.1, gradient descent is very sensitive to the
learning rate. In order for the RBM to be decently trained, enough training examples should
be presented to the learning algorithm. Just how many is interesting to explore. At last, how
the weights and biases are initialised could also make a difference for the quality of and the time
needed for the RBM learning.

These parameters are varied to try and discover their best setting for our task, partly by trial
and error. After some technical details it is discussed how they will be varied.



xl CONTENTS

Technical details The experiments were programmed in Python, and the library PyDeep was
used for its implementation of RBMs (Melchior 2020). Specifically, the ’BinaryBinaryRBM’ is
used which has binary visible and binary hidden units. It means that a node can either be zero
or one. This is also conform with the binary training data, and hidden units are typically kept
binary because they were developed that way (Hinton 2012). In this library it is possible to
vary all the parameters discussed above. Some extra packages were used for the details of the
code. The mesa library (Kazil et al. 2020), used for agent-based modeling, is deployed for the
population model. Pandas is used to make a data frame of the results of the experiment and write
them to an excel file (pandas development team 2020). A data frame is like a dictionary for which
the data is put in a labelled array. Seaborn (M. Waskom et al. 2017) and Matplotlib (Hunter
2007) were chosen for the representation of the results in figures. With Seaborn it is possible to
display the error when repeating the same experiment. By default it shows a confidence interval
of 95% (M. L. Waskom 2021).

The link of the git repository with all the code can be found here: https://github.com/Jmuyshon/RBM-
in-agent-based-models.

3.4.1 Visible units

The visible units of an RBM are the nodes that can be seen and set. In section 3.3 our data
was discussed, and it will be given to the RBM through these nodes. Therefore, the number of
visible units is the length of the concept vector plus the length of the signal vector. The 8 first
nodes always represent the concept and the next 7 nodes represent the signal. At least two nodes
will always be turned on, one for the concept and one for the signal. Which one depends on the
exact data sample and if it is a suffixing verb two more will be turned on. More specifically, the
first and the 9th. When the visible nodes are set, the biases and weights connected to the hidden
nodes will be updated accordingly.

The number of visible nodes will not really vary, except when redundant data is used, then
all the numbers discussed above need to be doubled.

3.4.2 Hidden Units

An important parameter to set is the number of hidden nodes (HN). The more HN, the more
computation is needed as can be seen in the conditional probability functions of section 2. Every
added hidden node adds v new weights and a new bias (v the number of visible nodes). However,
not enough hidden nodes will make it impossible to extract enough meaningful features from the
training data. Less hidden nodes means more generalisation. Therefore, a trade off should be
made between efficiency and result.

Too many hidden nodes can also cause overfitting, which is not really a problem in our case.
Overfitting is training a model completely to the training data which makes it very difficult to
deal with data that was never seen before. It is not our goal to introduce other data than the
training data but after extending the model, the overfitting problem should be considered more
closely again.

Le Roux and Bengio state the following: Any distribution over {0, 1}v can be approximated
arbitrarily well with an RBM with k + 1 hidden units where k is the number of input vectors
whose probability is not 0.

They also provide a further proof (Le Roux and Bengio 2008). In our case v is 15 (or 30 for
redundant data) and the number of input vectors whose probability is not zero, should be the
14 training examples described in section 3.3. This would result in the number of hidden nodes
being 15. Each hidden unit would then represent one data sample. However, Montúfar and Ay
say this could be halved (2010).
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To decide what number of hidden units is best for our Boltzmann machine, we take a trial-
and-error approach with the theoretical best HN as starting base. The number of hidden units
will be varies from 7 to 30, comparing the quality of the resulted RBM.

3.4.3 Learning algorithm

In Pydeep an implementation is available for the 3 learning algorithms discussed in section 2.3:
Contrastive Divergence(CD), Persistent Contrastive Divergence (PCD), and Parallel Tempering
(PT). Apart from these, there are two more options from which we can choose: Independent
Parallel Tempering (ipt), and Exact Gradient Descent (GD). The first one works as PT but
the swaps in the chain are not done from sample to sample as discussed. Instead they will be
done from batch to batch, so a PT instance is run for each sample in parallel which speeds up
the sampling but also decreases the mixing rate. GD is the normal gradient descent, so with no
approximation of the negative term, the point for which the learning algorithms were introduced.
It involves calculating the partition function for each update. This can only be used for really
small binary RBMs. Our RBM does not seem fit for this. It is binary but already has a lot of
visible nodes, so it will not be included in our experiments.

All the other variants will be tested to ensure we find the approximation technique that
matches our data. From the theory PT and IPT are expected to take longer to run than the
other two. However, they may outperform the other two in quality of the learned distribution.
PCD is also expected to outperform normal CD. It should take the same amount of time but
ensure a better approximation of the distribution of the model.

For each of these learning algorithms, other parameters can also be varied. The learning
rate, the number of loops through the data, and the initialisation of weights and biases are
experimented with. Some other parameters exist, like the k from section 2.3.2. In practice k = 1
works well (Bengio and Delalleau 2009) and a higher k would again enlarge the computation
time.

Learning rate The learning rate in a learning algorithm decides how much impact one training
sample should have. Decreasing it at the end training typically helps to avoid some noise which
would otherwise be there (Hinton 2012). Overall it should not be too big because the steps could
stay too big and it would be hard to get the gradient close to zero. Hinton says: "Looking at a
histogram of the weight updates and a histogram of the weights. The updates should be about
10−3 times the weights" (2012). This also needs a trial and error approach so we will try different
values for the learning rate and look at the quality of the trained RBM to compare them. There
will also be looked at the effect of decreasing the learning rate towards the end.

Epochs of data This parameter is used when the pretraining of an RBM is done. After the
creation of the RBM, it is given the training data. For one input this means that the right visible
nodes are set to true. The RBM will then set its hidden units depending on these nodes. Because
we do not have a lot of different data samples, the data samples are given a couple of times.
To decide the optimal number of loops (epochs) that need to be done, we take a trial-and-error
approach. When we train the RBM too much, there will not be a discovery of the underlying
trend, but the data will be learned literally. This could be a drawback when partial data is given
and the rest should be inferred. Training the RBM too little results in a model which has not
learned the mapping between concepts and signals.
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3.4.4 Initialisation weights and biases

Other parameters that can be adjusted are the initial values of the weights and biases. This
would steer the starting state of GD, and could possibly speed up the convergence. Initiali-
sation can make a big change in the performance of an algorithm. Two categories of RBMs
will be considered: a centered and a normal RBM. In a centered RBM the initial weights and
visible/hidden biases are set to ’AUTO’. For the weights and biases this means that they are
initialised randomly. An RBM is called normal in PyDeep when those initialisations are set to
0.0 instead of random.

Both variants are considered when initialising the agents with an RBM at the beginning of
an experiment.

4 Results

The results below are the outcome from doing the experiments described in the methodology
section 3. The quality of a parameter value is tried to be measured through communicative
success and the Manhattan distance. One run represents initialising the RBMs, pretraining, and
playing the game. Such a run is redone 10 times for every experiment to get a more reliable
result on which the error is computed. The figures below will include this error, which is a
95% confidence interval. First the population model is discussed, both for the data described in
section 3.3 and for the redundant version. Then, the iterated model is discussed for these two. To
begin with an overall view, more general parameter values are combined. With the information
from these results, more specific parameter values can be tried and other parameters from the
model can be varied.

4.1 Population

Unless mentioned otherwise, for one run the agent-based model is initialised with 10 agents and
each agent will initiate 100 interactions, each time choosing a random other agent to speak to.
Only one RBM is initialised and pretrained for one run, and each agent is initialised with a copy
of this RBM to use further in the interactions. Every time a run is repeated, a new RBM is
initialised and pretrained to copy, which increases reliability of the results.

A more general overview of all the parameters we want to investigate is given here. A range
from 1 to 30 is taken for the hidden units, so up till the double of the recommended number (15)
and lower than this number because in section 3.4.2 it is discussed that this should also give a
good result. The initialisation of the weights and biases is either random or zero, so a centered
or normal RBM. For the number of loops through the data (number of epochs of pretraining),
3 values are investigated: 1000 epochs, 10 000 epochs, and 100 000 epochs. The 4 learning
algorithms from section 3.4.3 ((P)CD/(I)PT), and 4 values for the learning rate are tried (0.01,
0.05, 0.1, and 0.5). An experiment is done for each combination of all these values. For clarity
only a subsection of the results belonging to these combinations is shown here. The interested
reader can find all the graphs in the ’results’ map in the GitHub in section 3.4.

4.1.1 Hidden units, learning rates and number of epochs pretraining

For the figures in this section the number of hidden units is varied and can be found on the
x-as. On the y-as, the communicative success or Manhattan distance can be read. The different
colors represent different number of epochs that were used to pretrain, so the number of loops
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through the data. For one color, the darker it is, the higher the learning rate that was used in
that experiment.

The results shown in Figures 21 and 22 were produced by doing the experiments with the
normal data representation (non-redundant), and using communicative success as evaluation
measure. The higher the bars come, the more successful the communication is, and the better
the corresponding value for the parameter is. Figure 21 uses a centered RBM and Contrastive
Divergence as learning algorithm, and Figure 22 also uses a centered RBM but uses Persistent
Contrastive Divergence as learning algorithm. Only these two combinations are shown because
the other 6 combinations, with other learning algorithms or/and initalisation methods of the
weights and biases give back a similar result. These can be found in the GitHub in section 3.4,
in the directory called ’population-communicative_success’.
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Figure 21: For different number of hidden units depicted on the x-as, the communicative success is given depicted
on the y-as. A centered RBM and Contrastive Divergence is used, and for each hidden unit 4 different learning
rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher the learning rate. For each of these
learning rates, the gain of increasing the number of epochs pretraining by tenfold is shown by stacking them.
Showing the results for using 1000 epochs (green), 10 000 epochs (blue), and 100 000 epochs (red).

For every hidden unit, four bars can be seen which represent the different learning rates
with which an experiment is done. Every bar stacks the values resulting from using different
number of epochs. From green to red, or from down to up, 1000, 10 000, and 100 000 epochs
are represented. The blue color of one bar represent the amount of communicative success that
was gained when a tenfold increase of the 1000 epochs (green) is done. Similar for the red color,
which shows the gain for a tenfold increase of the blue color (10 000 epochs). Figures 23a and
23b show how the data for one hidden unit of Figure 21 would look like when it was not stacked.

Overall the higher the number of epochs, the higher the communicative success. Which also
applies for the learning rate. However, it can be seen that increasing the number of epochs
results in very little or very high jumps for the small learning rates. While the jumps are more
evenly large for the biggest learning rate. Comparing the two graphs, PCD tends to be more
error prone than CD. Looking at the graphs in the GitHUb (section 3.4), the error of IPT tends
to be more error prone than that of CD, PT again more than IPT, and PCD more than PT.

A very low value for the number of hidden units performs evenly bad for all number of
epochs and all learning rates. The impact of increasing the number of hidden units is big in the
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Figure 22: For different number of hidden units depicted on the x-as, the communicative success is given depicted
on the y-as. A centered RBM and Persistent Contrastive Divergence is used, and for each hidden unit 4 different
learning rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher the learning rate. For each
of these learning rates, the gain of increasing the number of epochs pretraining by tenfold is shown by stacking
them. Showing the results for using 1000 epochs (green), 10 000 epochs (blue), and 100 000 epochs (red).

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30
number of hidden units

0.0

0.2

0.4

0.6

0.8

1.0

co
m

m
un

ica
tiv

e 
su

cc
es

s

Different number of hidden units for different learning rates 
 stacked for different epochs 

 versus communicative success (centered=True/learning alg.=CD)
                                 LEARNING RATES         

100 000 epochs         10 000 epochs        1000 epochs
0.01
0.05
0.1
0.5

0.01
0.05
0.1
0.5

0.01
0.05
0.1
0.5

(a)

0.01 0.05 0.1 0.5
learning rate

0.0

0.2

0.4

0.6

0.8

1.0

co
m

m
un

ica
tiv

e 
su

cc
es

s

Different learning rates for different number of epochs 
 versus communicative success (hidden units=8/centered=True/learning alg.=CD)
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Figure 23: A close up of 8 hidden units in Figure 21 (a) and the way it would look like if the values were not
stacked for different number of epochs (b)

beginning. However, from around 6 hidden units, the impact is much less when increasing it. It
even begins performing worse from a certain level of hidden units. For some learning algorithms
this is less visible or less rapid than for others.

In Figures 24 and 25, the experiments explained above are repeated but with the redundant
data, and therefore the other evaluation measure: Manhattan distance. A point represents the
average number of bits that were wrong for 1 interaction, by taking the average of the 1000
interactions (10 agents, initialising 100 interactions each). Now, the lower these points lay, the
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more successful the communication is. Only these two combinations are shown, for the same
reason as mentioned for the non-redundant data, and the graphs of the other combinations for
redundant data can be found in the ’population-Manhattan_distance’ directory in the GitHub
found in section 3.4.
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 versus Manhattan distance (centered=True/learning alg.=CD)
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Figure 24: For different number of hidden units depicted on the x-as, the Manhattan distance is given depicted
on the y-as. A centered RBM and Contrastive Divergence are used, and for each hidden unit 4 different learning
rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher the learning rate. For each of these
learning rates, different number of epochs are used: 1000 epochs (green), 10 000 epochs (blue), and 100 000 epochs
(red).

When comparing these results with the ones for the non-redundant data in Figures 21 and 22,
there are similarities. More epochs and higher learning rates tend to give a better communication,
so lower Manhattan distance. However, faster than for the non-redundant data, the advantage
of increasing the number of epochs and learning rate is less evident. For the non-redundant data
using 1000 epochs (green), the 3 lowest learning rates give all around the same communicative
success, and is very low. Here, there is a difference between those 3 epsilons, which give a lower
Manhattan distance for higher learning rates. The Lowest learning rate gives around the same
communicative success for 1000 epochs and 10 000 epochs in Figures 21 and 22. While the
lowest rate for 10 000 epochs already gives the same Manhattan distance as the second highest
learning rate of 1000 epochs. There is not a clear difference anymore for all the other learning
rates and number of epochs. Summarizing, apart from the learning rates 0.01, 0.05, and 0.1 for
1000 epochs, and learning rate 0.01 for 10 000 epochs, the other combinations of learning rates
and epochs give around the same Manhattan distance.

Comparing the two graphs, again PCD tends to be more error prone than CD. Looking at
the graphs in the GitHub (section 3.4), the error of IPT tends to be more error prone than that
of CD, PT again more than IPT, and PCD more than PT.

For the number of hidden units, something similar is visible as with the non-redundant data.
A very low value for the number of hidden units results in a high Manhattan distance. In the
beginning, increasing it makes a big difference in the positive sense (a lower Manhattan distance).
From around a number of 6 hidden units on, increasing it does not have much of an impact.
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Figure 25: For different number of hidden units depicted on the x-as, the Manhattan distance is given depicted
on the y-as. A centered RBM and Persistent Contrastive Divergence are used, and for each hidden unit 4 different
learning rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher the learning rate. For each of
these learning rates, different number of epochs are used: 1000 epochs (green), 10 000 epochs (blue), and 100 000
epochs (red).

4.1.2 Methods for initialising the weights and biases

To compare the results of using a centered RBM or not (initialise random or with zero), we set
the epoch parameter to the highest value: 100 000. Also, the two are only compared for the
Parallel Tempering learning algorithm as shown in Figure 26. The other combinations of epochs
and learning algorithms give similar results. Lastly, a smaller range for the number of hidden
units is used ([1, 15]), making it easier to look at it in more detail. However, the other number
of hidden units give a similar result. This result is that there is no significant difference between
using a centered RBM or a normal RBM. It can also be seen that the error becomes bigger when
a higher learning rate is used. For the redundant data, there is also no significant difference
between using a centered or normal RBM.

4.1.3 Learning algorithms

The four different learning algorithms are compared with the number of epoch set to 100 000 and
the learning rate set to 0.5. The communicative success is compared for different hidden units
and different learning algorithms. Both for a centered RBM (Figure 27) and a normal RBM
(Figure 28). For the first, Persistent Contrastive Divergence (orange) comes out the best with 5
hidden units. The lowest value of the error is higher than the lowest value of all the other errors
as depicted by the black line. Independent Parallel Tempering (red) with 9 hidden units comes
out the best for the normal RBM.

In some cases, a lower learning rate performs better (directory ’population-communicative_success’
in GitHub section 3.4) but generally this is not the case, and the best overall result is found with
a learning rate of 0.5.

For the redundant data, the overall best performing parameter setting is for 100 000 epochs,
0.5 learning rate, a normal RBM, Contrastive Divergence and 22 hidden units. As can be seen in
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Figure 26: For different number of hidden units depicted on the y-as, the communicative success is given depicted
on the x-as. The pretraining is done with 100 000 epochs and Parallel Tempering is used for training. The columns
represent the 4 different learning rates (0.01, 0.05, 0.1, and 0.5). The dark color represents the communicative
success when using a centered RBM and the light color that for the normal RBM.

Figure 27: For different number of hidden units depicted on the x-as, the communicative success is given depicted
on the y-as. A centered RBM, 100 000 epochs, and a 0.5 learning rate are used. For each hidden unit, the four
learning algorithms are compared: Contrastive Divergence (blue), Persistent Contrastive Divergence (orange),
Parallel Tempering (green), and Independent Parallel Tempering (red). The black line shows the lowest value of
the error of the best performing parameters.

Figure 29, depicted by the black line, the highest value of the error is lower than the highest value
of all the other errors. And this is also lower than that for the other combinations of learning
algorithms and initialisation methods of the weights and biases (GitHub section 3.4 directory
’population-Manhattan_distance’).
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Figure 28: For different number of hidden units depicted on the x-as, the communicative success is given depicted
on the y-as. A normal RBM, 100 000 epochs, and a 0.5 learning rate are used. For each hidden unit, the four
learning algorithms are compared: Contrastive Divergence (blue), Persistent Contrastive Divergence (orange),
Parallel Tempering (green), and Independent Parallel Tempering (red). The black line shows the lowest value of
the error of the best performing parameters.

Figure 29: For different number of hidden units depicted on the x-as, the Manhattan distance is given depicted
on the y-as. A normal RBM and Contrastive Divergence is used, and for each hidden unit 4 different learning
rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher the learning rate. For each of these
learning rates, different number of epochs are used: 1000 epochs (green), 10 000 epochs (blue), and 100 000 epochs
(red). The black line shows the highest value of the error of the best performing parameters.

4.1.4 Comparing the errors of different design choices

As a design choice, one RBM was initialised and pretrained and then copied for all the agents in
the population. With this method the results above were computed. However, a less error prone
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solution could have been to initialise and train a new RBM for every agent, but this also gives
a slower performance. In Figure 30, for the non-redundant data, the latter is depicted by the
light purple, and the method used above is depicted by the dark purple. Different initialisation
methods are also compared. Before, we always initialised the population with 10 agents and let
each of them initiate 100 interactions. On the x-as it can be seen how the communicative success
differs when both or one of them are increased by a tenfold. One setting of the parameter values
is shown, but something similar happens for the other combinations of parameter values.

10 agents/100 interactions each 10 agents/1000 interactions each 100 agents/1000 interactions each
initialisation population model
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Comparing the error when each agent is initialised with its own RBM or with a copy, 
and this for 3 possible initialisations of the model (hidden units=9/centered=False/learning alg.=PCD/learning rate=0.05/epochs=100 000)

copy of 1 RBM
False
True

Figure 30: The communicative success (y-as) is compared for different initialisation methods (x-as). Initialising
the population with 10 agents, and letting each agent initiate 100 or 1000 interactions. Another scenario is were
the population is initialised with 100 people and letting each of them do 1000 interactions. A comparison is made
between using 1 copy for all the agents or letting each agent have their own initialised and trained RBM before
interacting. The following parameter values for the RBM and training are used: 9 hidden units, a normal RBM,
PCD with a 0.05 learning rate and 100 000 epochs.

The error indeed seems to be bigger for the method used above. A difference can also be
seen when changing the initialisation method. Showing a lower communicative success when the
number of interactions that each agent initiates is increased. Increasing the number of people in
the population does not give a big difference.

4.1.5 Comparing more values of the number of epochs pretraining

In Figure 31, an extra number of epochs pretraining (dark red) is compared against two other
values from above. Both for the non-redundant and redundant data. There is no big increase of
the communicative success or decrease of the Manhattan distance. Here, it can be seen that for
the non-redundant data, going from 10 000 epochs to 100 000 epochs is still useful. However, for
the redundant data, this is less visible because of the bigger error.

4.1.6 Comparing more values of the learning rate and different methods of using
this rate during pretraining and training

Using one scenario’s that came out best in the results above, the learning rate is investigated
in more detail. The one with IPT (with 9 hidden units, a normal RBM, and 100 000 epochs
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(b) The following parameter values for the RBM and
training are used: 22 hidden units, a normal RBM,
and CD with 0.5 learning rate.

Figure 31: Different number of epochs pretraining versus one of the evaluation measures of the communication:
(a)non-redundant data and (b) redundant data

of pretraining) is used because it is less error prone than PCD. More values of the learning
rate are compared because in section 2.3.1 it was mentioned that gradient descent is highly
sensitive for this learning rate. Secondly, different methods are investigated for each of these
learning rates. The first method is the one used above, where the given value of the learning
rate is used for pretraining and for training during the interactions. Secondly, a method is
introduced in which the given value for the learning rate is used for pretraining. However, for
training during interactions the default learning rate from PyDeep is used: 0.01. This method
is introduced because in Figure 30 a higher number of interaction initiations per person gives
a lower communicative success. This could be the result of the learning rate being too high.
Figure 32 shows the result for these different learning rate values, and two different methods for
a model initialised with 10 agents, each initiating 100 interactions. The same is shown in Figure
33 but for each of the 10 agents initiating 1000 interactions.

The second method indeed helps for the loss of communicative success when increasing the
initiated interactions per agent. In Figure 33, the communicative success of the second method
stays stable (light green), unlike for the bigger learning rates of the first method (dark green).
There is no big difference between the methods in Figure 32, and 0.5 still seems a good learning
rate. Although other learning rates also seem to give a similar communicative success.
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Different learning rates and different methods of using them during pretraining and training versus communicative success 

 (hidden units=9/learning alg.=IPT/epochs=100 000/centered=False/population size=10/number of interactions=100)
learning rate method

same learning rate pretraining and training
given learning rate for pretraining and 0,01 for training

Figure 32: Different learning rates (0.01, 0.025, 0.05, 0.075, 0.1, 0.25, 0.5, 0.75, and 0.9) on the x-as and the
communicative success on the y-as. For each learning rate two methods for using these learning rates are depicted.
One which uses the given learning rate for pretraining and training during interaction. The other, which uses the
given learning rate for pretraining but uses a 0.01 learning rate for training during interactions. The following
parameter values for the RBM and training are used: 9 hidden units, a normal RBM, IPT and 100 000 epochs.
The model is initialised with 10 agents, each initiating 100 interactions.
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Different learning rates and different methods of using them during pretraining and training versus communicative success 
 (hidden units=9/learning alg.=IPT/epochs=100 000/centered=False/population size=10/number of interactions=1000)
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Figure 33: Different learning rates (0.01, 0.025, 0.05, 0.075, 0.1, 0.25, 0.5, 0.75, and 0.9) on the x-as and the
communicative success on the y-as. For each learning rate two methods for using these learning rates are depicted.
One which uses the given learning rate for pretraining and training during interaction. The other, which uses the
given learning rate for pretraining but uses a 0.01 learning rate for training during interactions. The following
parameter values for the RBM and training are used: 9 hidden units, a normal RBM, IPT and 100 000 epochs.
The model is initialised with 10 agents, each initiating 1000 interactions.

4.1.7 Intermediate interactions in one run

To see what happens during one run, when the agents interact with each other, the intermediate
communicative success for different time steps are depicted in Figure 34 and 35. The time steps
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are represented by the number of interactions already done. This is done for the two methods
described in section 4.1.6 and with 9 hidden units, a normal RBM, IPT with 0.5 learning rate,
and 100 000 epochs of pretraining. Figure 34 shows this for a model initialised with 10 agents,
each initiating 100 interactions. The same is shown in Figure 35 but for each of the 10 agents
initiating 1000 interactions.
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(centered=False/hidden units=9/learning alg.=IPT/learning rate=0.5/epochs=100 000/population size=10/number of interactions=100)
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given learning rate for pretraining and 0,01 for training

Figure 34: The different time steps, represented by the amount of interactions already done in one run, are
depicted on the x-as. On the y-as the communicative success for each of the x values is shown. This is done for 9
hidden units, a normal RBM, IPT with 0.5 learning rate, 100 000 epochs of pretraining, and a model initialised
with 10 agents, each initiating 100 interactions. It is repeated for 2 methods. One which uses the given learning
rate for pretraining and training during interaction. The other, which uses the given learning rate for pretraining
but uses a 0.01 learning rate for training during interactions.

The figures show in more detail what the results from section 4.1.6 showed. Using a relative
high epsilon for training during interactions, is fine if an agent initiates a limited number of inter-
actions (100). However, it can cause a rapid decrease in communicative success everytime more
interactions are done. The method of using a 0.01 learning rate for training during interactions
(light blue) has a positive effect on the communicative success for higher number of interactions
initiated per agent.

Two similar figures are shown for the redundant data: Figure 36 and Figure 37. Here, letting
an agent initiate 1000 interactions instead of 100 is not really worse for the outcome. The
Manhattan distance grows a bit but there is no big difference between the two learning rate
methods.
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Figure 35: The different time steps, represented by the amount of interactions already done in one run, are
depicted on the x-as. On the y-as the communicative success for each of the x values is shown. This is done for 9
hidden units, a normal RBM, IPT with 0.5 learning rate, 100 000 epochs of pretraining, and a model initialised
with 10 agents, each initiating 1000 interactions. It is repeated for 2 methods. One which uses the given learning
rate for pretraining and training during interaction. The other, which uses the given learning rate for pretraining
but uses a 0.01 learning rate for training during interactions.
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Figure 36: The different time steps, represented by the amount of interactions already done in one run, are
depicted on the x-as. On the y-as the Manhattan distance for each of the x values is shown. This is done for 22
hidden units, a normal RBM, CD with 0.5 learning rate, 100 000 epochs of pretraining, and a model initialised
with 10 agents, each initiating 100 interactions. It is repeated for 2 methods. One which uses the given learning
rate for pretraining and training during interaction. The other, which uses the given learning rate for pretraining
but uses a 0.01 learning rate for training during interactions.

.
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Figure 37: The different time steps, represented by the amount of interactions already done in one run, are
depicted on the x-as. On the y-as the Manhattan distance for each of the x values is shown. This is done for 9
hidden units, a normal RBM, IPT with 0.5 learning rate, 100 000 epochs of pretraining, and a model initialised
with 10 agents, each initiating 1000 interactions. It is repeated for 2 methods. One which uses the given learning
rate for pretraining and training during interaction. The other, which uses the given learning rate for pretraining
but uses a 0.01 learning rate for training during interactions.

4.1.8 Complexity

To investigate the complexity of the language, each agent is given all the concepts from our data
once. The resulting signals are gathered from all the agents and for each signal from our data
its appearance in these gathered signals is counted. As before, the run is repeated 10 times, and
the numbers in the table are an average. The maximum number of counts that can be found is
the number of agents in the population, times the number of concepts in our data (14). A signal
belonging to more than one concept (for example the suffix m-) will correspond with the total
count of all these different concepts.

The complexity of the language before the interactions and after them is compared. The
method above is applied before the first interaction is done and another time after the last
interaction is done. This comparison is done for the two learning rate methods as described in
section 4.1.7 and 4.1.6, which is in its turn done for the non-redundant data and the redundant
data. This can be seen in Table 5 and 6, showing the counts for an initialisation of 10 agents
and accordingly 100 or 1000 initiated interactions by each agent.

In the tables, the signal count before and after the interactions is quite similar. The exception
is for the non-redundant data using method 1 (using the given learning rate for pretraining and
training during interaction), and this in both tables. The count after the interactions is lower,
and in Table 6, the suffixes do not even exist anymore.
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-ke, -ne 
[1. 0. 0. 0. 0. 1. 0.] 2,6 1,1 2,5 2,6 3,8 4,2 3,5 3,5 

-ka 
[1. 0. 0. 0. 0. 0. 1.] 1,8 1,3 1,3 2,6 3,3 3,3 3,4 3,9 

 

communicative success Manhattan distance 
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array 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

k- 
[0. 1. 0. 0. 0. 0. 0.] 18,4 0,4 17,7 18,6 11,5 12 12,5 12,7 

m- 
[0. 0. 1. 0. 0. 0. 0.] 27,9 1,6 27,2 26,9 19,1 18,8 19,1 19,4 

n- 
[0. 0. 0. 1. 0. 0. 0.] 13,9 4,5 14,9 14,5 12,5 13,3 12,8 12,3 

t- 
[0. 0. 0. 0. 1. 0. 0.] 13,7 1,2 13,2 15,4 12,6 13,6 12,3 12,2 

r- 
[0. 0. 0. 0. 0. 1. 0.] 9,7 0,2 7,3 8,7 5,4 5,1 6,6 5 

-k∂n 
[1. 1. 0. 0. 0. 0. 0.] 8,2 0 7,5 5,8 10,6 11,5 11,4 11,7 

-ko,-no 
[1. 0. 1. 0. 0. 0. 0.] 11 0 11,2 12 8,5 8,1 7,6 7,2 

-na, -n∂n 
[1. 0. 0. 1. 0. 0. 0.] 6,3 0 5,2 5,2 5,9 5,5 5,4 6,1 

-te 
[1. 0. 0. 0. 1. 0. 0.] 6,2 0 6,8 4,9 6,1 5,2 5,6 6 

-ke, -ne 
[1. 0. 0. 0. 0. 1. 0.] 3,9 0 3,8 3 4,2 3,4 3,1 3,8 

-ka 
[1. 0. 0. 0. 0. 0. 1.] 2,8 0 1,6 2,3 2,5 2,9 3,9 3,5 

Table 5: The average signal count when all the concepts were given once, before and after the interactions in
one run. This for 2 methods: one uses the given learning rate for pretraining and training during interaction, and
the other uses the given learning rate for pretraining but uses a 0.01 learning rate for training during interactions.
All of this is repeated for the non-redundant and the redundant data (this table only shows the non-redundant
array for clarity). The parameter values from Figure 34 and 36 are used. The models resulting in these number
were initialised with 10 agents, each initiating 100 interactions.

4.2 Iterated learning

For one run the agent-based model uses 3 agents (generations) and if the agent needs to train
the next agent, it will do this for the amount of epochs given as parameter. This is also used to
pretrain the initial agent. Every time a run is repeated, a new RBM is initialised and pretrained
for the initial agent.

The same values of the parameters are used as discussed in section 4.1.1. Except for the
number of epochs however, only the value 1000 is done here. This is enough to get a general view
and see if iterated learning requires different parameter setting of the RBMs than a population.
Something extra was introduced for this agent-based model: the communicative success and
Manhattan distance is calculated by the initial agent and by the previous agent (the second last
agent), section 3.2.5 describes how they do this.

An experiment is done for each combination of all these values. For clarity only a subsection
of the results belonging to these combinations is shown here. The interested reader can find all
the graphs in the ’iterated_learning-communicative_success’ map in the GitHub in section 3.4.

4.2.1 Hidden units and learning rates

The results in Figures 38 and 39 were gathered using the non-redundant data, and therefore the
communicative success is calculated. The higher it is, the better the quality of the communica-
tion. As for the population model, only the Contrastive Divergence and Persistent Contrastive
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array 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

k- 
[0. 1. 0. 0. 0. 0. 0.] 16,6 17,9 17,1 16,9 11 12,8 12,2 12,6 

m- 
[0. 0. 1. 0. 0. 0. 0.] 25,6 20,7 27,6 29,2 18,4 17,9 17 17,3 

n- 
[0. 0. 0. 1. 0. 0. 0.] 12,6 14,9 14,2 12,7 12,5 11,7 11,4 12,8 

t- 
[0. 0. 0. 0. 1. 0. 0.] 13,8 15,3 13,8 12 12,2 12,5 12,6 11,9 

r- 
[0. 0. 0. 0. 0. 1. 0.] 10,1 8 10,9 11,5 5 4,9 5,6 5,1 

-k∂n 
[1. 1. 0. 0. 0. 0. 0.] 7,9 4,4 8,1 8 12,2 12,5 10,9 10,8 

-ko,-no 
[1. 0. 1. 0. 0. 0. 0.] 10,8 9 12,4 11,9 8 7,9 8,2 7,9 

-na, -n∂n 
[1. 0. 0. 1. 0. 0. 0.] 7 4,5 6,4 7,7 6,5 6,9 7,4 5,7 

-te 
[1. 0. 0. 0. 1. 0. 0.] 6,9 5 6,1 7,5 6,6 6,7 6 6,7 

-ke, -ne 
[1. 0. 0. 0. 0. 1. 0.] 2,6 1,1 2,5 2,6 3,8 4,2 3,5 3,5 

-ka 
[1. 0. 0. 0. 0. 0. 1.] 1,8 1,3 1,3 2,6 3,3 3,3 3,4 3,9 
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array 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

k- 
[0. 1. 0. 0. 0. 0. 0.] 18,4 0,4 17,7 18,6 11,5 12 12,5 12,7 

m- 
[0. 0. 1. 0. 0. 0. 0.] 27,9 1,6 27,2 26,9 19,1 18,8 19,1 19,4 

n- 
[0. 0. 0. 1. 0. 0. 0.] 13,9 4,5 14,9 14,5 12,5 13,3 12,8 12,3 

t- 
[0. 0. 0. 0. 1. 0. 0.] 13,7 1,2 13,2 15,4 12,6 13,6 12,3 12,2 

r- 
[0. 0. 0. 0. 0. 1. 0.] 9,7 0,2 7,3 8,7 5,4 5,1 6,6 5 

-k∂n 
[1. 1. 0. 0. 0. 0. 0.] 8,2 0 7,5 5,8 10,6 11,5 11,4 11,7 

-ko,-no 
[1. 0. 1. 0. 0. 0. 0.] 11 0 11,2 12 8,5 8,1 7,6 7,2 

-na, -n∂n 
[1. 0. 0. 1. 0. 0. 0.] 6,3 0 5,2 5,2 5,9 5,5 5,4 6,1 

-te 
[1. 0. 0. 0. 1. 0. 0.] 6,2 0 6,8 4,9 6,1 5,2 5,6 6 

-ke, -ne 
[1. 0. 0. 0. 0. 1. 0.] 3,9 0 3,8 3 4,2 3,4 3,1 3,8 

-ka 
[1. 0. 0. 0. 0. 0. 1.] 2,8 0 1,6 2,3 2,5 2,9 3,9 3,5 

Table 6: The average signal count when all the concepts were given once, before and after the interactions in
one run. This for 2 methods: one uses the given learning rate for pretraining and training during interaction, and
the other uses the given learning rate for pretraining but uses a 0.01 learning rate for training during interactions.
All of this is repeated for the non-redundant and the redundant data (this table only shows the non-redundant
array for clarity). The parameter values from Figure 35 and 37 are used. The models resulting in these number
were initialised with 10 agents, each initiating 1000 interactions.

Divergence using a centered RBM are depicted. When comparing the results of these figures
with those of section 4.1.1 with 1000 epochs, they are similar. The Figures also show that there
is not really a difference when the initial agent evaluates the last agent, or the previous agent
does this.

Now the experiments from Figures 38 and 39 are also done for the redundant data, and
therefore Manhattan distance is depicted on the y-as. The lower it is, the better. These results
can be found in Figures 40 and 41. As for the non-redundant data experiments, these results are
similar as those in section 4.1.1 for 1000 epochs. Evaluating with the initial or previous agent
does not give a real difference, as was the case for communicative success. The PCD learning
algorithm is again more error prone than the CD learning algorithm.

4.2.2 Intermediate time steps (each generation) in one run

To see what happens during one run, when the agents pass their knowledge on to the next agents,
the intermediate communicative successes for different time steps are depicted in Figure 42 and
43. The time steps are represented by the number of generations where knowledge is already
passed onto. The evaluation is done for the non-redundant data, letting both the initial agent
and the previous agent evaluate. The same parameter values were used as for the population
model: 9 hidden units, a normal RBM, and IPT with 0.5 learning rate. For every time step, the
bars represent a different initialisation of the number of epochs pretraining for the initial agent
and the number of training interactions when the knowledge of an agent is passed to the next
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Figure 38: For different number of hidden units depicted on the x-as, the communicative success is given depicted
on the y-as. A centered RBM, Contrastive Divergence, and 1000 epochs of pretraining are used. For each hidden
unit 4 different learning rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher the learning
rate. For the number of epochs pretraining 1000 is used.
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Figure 39: For different number of hidden units depicted on the x-as, the communicative success is given depicted
on the y-as. A centered RBM, Persistent Contrastive Divergence and 1000 epochs of pretraining are used. For
each hidden unit 4 different learning rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher
the learning rate.

agent. Figure 42 shows the results using 3 generations (agents) as before, and Figure 43 shows
the results using 6 generations.

Again there is not much difference between the initial agent evaluating and the previous
agent. A positive effect can be seen when increasing the number of epochs pretraining for the
initial agent and increasing the number of training interactions when the knowledge of an agent
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Figure 40: For different number of hidden units depicted on the x-as, the Manhattan distance is given depicted
on the y-as. A centered RBM and Contrastive Divergence is used, and for each hidden unit 4 different learning
rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher the learning rate. For each of these
learning rates, different number of epochs are used: 1000 epochs (green), 10 000 epochs (blue), and 100 000 epochs
(red). Both evaluation by the initial agent as the previous agent are depicted in the columns.
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Figure 41: For different number of hidden units depicted on the x-as, the Manhattan distance is given depicted
on the y-as. A centered RBM and Persistent Contrastive Divergence is used, and for each hidden unit 4 different
learning rates are tested (0.01, 0.05, 0.1, and 0.5). The darker the color, the higher the learning rate. For each of
these learning rates, different number of epochs are used: 1000 epochs (green), 10 000 epochs (blue), and 100 000
epochs (red). Both evaluation by the initial agent as the previous agent are depicted in the columns.

is passed to the next agent.
The same experiments are done for the redundant data, as shown in Figures 44 and 45, using

the parameter values from the results on redundant data in the population model. There is no
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Figure 42: The time steps (the number of generations were knowledge is already passed onto) are depicted on
the x-as, and the communicative success corresponding to such a step on the y-as. The following parameters are
used: 9 hidden units, a normal RBM, IPT with 0.5 learning rate, and initialisation with 3 generations. Both
evaluation by the initial agent as the previous agent are depicted in the columns. For each time step a different
initialisation of the number of epochs pretraining for the initial agent and the number of training interactions
when the knowledge of an agent is passed to the next agent is used. This is depicted by the purple bars.
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Figure 43: The time steps (the number of generations were knowledge is already passed onto) are depicted on
the x-as, and the communicative success corresponding to such a step on the y-as. The following parameters are
used: 9 hidden units, a normal RBM, IPT with 0.5 learning rate, and initialisation with 6 generations. Both
evaluation by the initial agent as the previous agent are depicted in the columns. For each time step a different
initialisation of the number of epochs pretraining for the initial agent and the number of training interactions
when the knowledge of an agent is passed to the next agent is used. This is depicted by the purple bars.

clear advantage of increasing the number of epochs pretraining for the initial agent and increasing
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the number of training interactions when the knowledge of an agent is passed to the next agent.
It can only be concluded that 10 000 epochs of pretraining and 1000 training interactions for
each agent is the best scenario. Again, no real difference can be seen between evaluation with
the initial agent, and evaluation with the previous agent.
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Figure 44: The time steps (the number of generations were knowledge is already passed onto) are depicted on
the x-as, and the Manhattan distance corresponding to such a step on the y-as. The following parameters are
used: 22 hidden units, a normal RBM, CD with 0.5 learning rate, and initialisation with 3 generations. Both
evaluation by the initial agent as the previous agent are depicted in the columns. For each time step a different
initialisation of the number of epochs pretraining for the initial agent and the number of training interactions
when the knowledge of an agent is passed to the next agent is used. This is depicted by the purple bars.

4.2.3 Complexity

The complexity can be described as section 4.1.8, only now the maximum number of the total
count can be 14, for the number of training data. Ideally each signal would have count 1,
because only 1 generation gets the concept list once. Except for the signals that correspond to
more concepts: idealy prefix ’m-’ should have count 3 and prefix ’-k@n’ count 2. For comparison,
the first and last generation are picked and given this list of concepts. 10 000 epochs pretraining
is chosen for the initial agent and 1000 training interactions when the knowledge of an agent is
passed to the next agent.
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Figure 45: The time steps (the number of generations were knowledge is already passed onto) are depicted on
the x-as, and the Manhattan distance corresponding to such a step on the y-as. The following parameters are
used: 22 hidden units, a normal RBM, CD with 0.5 learning rate, and initialisation with 6 generations. Both
evaluation by the initial agent as the previous agent are depicted in the columns. For each time step a different
initialisation of the number of epochs pretraining for the initial agent and the number of training interactions
when the knowledge of an agent is passed to the next agent is used. This is depicted by the purple bars.

5 Discussion

In this thesis Restricted Boltzmann machines are used to represent the production and compre-
hension models of the agents in agent-based models. In the long run, the goal of such a model
is to study language change. RBMs have a nice feature so that they can complete partial data
after they are trained properly. In our case a signal could be given back, given a concept or
vice versa. First, the goal is to optimise the parameters of the RBMs so that they suit well for
communication between agents. This is tackled in this thesis, and with the base this research
provides, the use of RBMs to investigate language change could be investigated further.

Optimising the parameters of the RBM is done by running agent-based models in which
agents play the language game, changing the values of the parameters, and looking at which
ones give back the best results. These are represented by means of communicative success
and Manhattan distance. Evaluating the quality of a parameter is done by using the feedback
of the speaker, and comparing the original concept with the concept given back by the listener.
Communicative success expects it to be the same, and increases a count for every concept that this
applies to. Therefore, the higher the communicative success, the better the agents in the model
communicate. For redundant data the difference between the two concepts is taken (Manhattan
distance). Therefore, a small error is not punished completely, but more errors will result in a
higher distance. The smaller the Manhattan distance, the better communication is between the
agents.

Two agent-based models were introduced: population of agents and iterated learning. The
first represents one generation with multiple agents, each with their own RBM, and it is in-
vestigated what happens when they interact with each other. In iterated learning, multiple
generations are tried to be simulated, each generation represented by one agent. For this model,
the goal is to see how well the data is learned from agent to agent. For both, values for the RBM
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count 
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run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

count 
before 

run 

count 
after 
run 

k- 
[0. 1. 0. 0. 0. 0. 0.] 1,7 1,8 1,6 1,9 1,2 1,1 1,4 1 

m- 
[0. 0. 1. 0. 0. 0. 0.] 2,8 1,8 2,7 1,7 1,8 1,2 2,1 0,9 

n- 
[0. 0. 0. 1. 0. 0. 0.] 1,4 1,3 1,4 1,4 1 1,5 1,2 1,2 

t- 
[0. 0. 0. 0. 1. 0. 0.] 1,8 1,4 1,3 1,4 1,2 1,4 1,3 1,3 

r- 
[0. 0. 0. 0. 0. 1. 0.] 1,7 1,1 1,2 1,3 0,9 0,6 0,7 0,3 

-k∂n 
[1. 1. 0. 0. 0. 0. 0.] 0,5 0,4 0,5 0,5 0,7 0 1 0 

-ko,-no 
[1. 0. 1. 0. 0. 0. 0.] 1,2 0,3 1,1 0,5 0,5 0,6 0,5 0,3 

-na, -n∂n 
[1. 0. 0. 1. 0. 0. 0.] 0,6 0,5 0,6 0,4 0,9 0,1 0,7 0,2 

-te 
[1. 0. 0. 0. 1. 0. 0.] 0,3 0,3 0,5 0,1 0,7 0,1 0,6 0,2 

-ke, -ne 
[1. 0. 0. 0. 0. 1. 0.] 0,5 0,4 0,5 0 0,2 0 0,4 0 

-ka 
[1. 0. 0. 0. 0. 0. 1.] 0,2 0 0,3 0 0,3 0 0,3 0 

Table 7: The average signal count when all the concepts were given once, before and after the interactions in
one run. This for 3 generations and for 6. All of this is repeated for the non-redundant and the redundant data
(this table only shows the non-redundant array for clarity). The parameter values from Figure 42 and 44 are
used. The models resulting in these number were initialised with 10 000 epochs pretraining for the initial agent
and 1000 training interactions when the knowledge of an agent is passed to the next agent.

parameters were varied and evaluated. One experiment repeats a run through the algorithm,
initialising the agents and letting them interact 10 times to calculate the error. This needs to
be done because an RBM is stochastic and will not always train exactly the same when given
the same parameter values. For the population model an extra error may be introduced because
of a design choice that was made. It entails that for one generation, one RBM is initialised and
trained, and each agent starts the interactions with a copy of this RBM. It greatly improves the
performance. When comparing the error of the two in the result section, although it indeed gives
a greater error, the average value lays very close to the one which trains a separate RBM for
every agent.

The following parameters of the RBM were investigated: the number of hidden units in the
RBM (range 1 to 30), the way the weights and biases are initialised before training (zero or
random), the learning algorithm ((P)CD/(I)PT) and learning rate (0.01, 0.05, 0.1, and 0.5) used
while training, and the number of loops (epochs) through the data set to train with (1000, 10
000, and 100 000).

In both models, and for both redundant and non-redundant data, a very low number of hidden
units gives very bad results. This way it is too hard for the RBM to learn general features of the
data because those are not enough features to describe our data set. In these cases, increasing
the number has a high positive impact on the communication. From around 6 hidden units for
the non-redundant data, the impact is much smaller, and after increasing it even more, it has a
small negative impact. When there are too many features for the data set, the RBM begins to
learn useless things. The exact number of hidden units that should be used is not clear, as this
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varies in our results, but it should be between 5 and 10. Higher is also possible but it does not
add value and makes the performance of the RBM worse because more probabilities should be
calculated during training and for sampling from the data distribution. For redundant data, this
number lays a bit higher, the eventual optimal value was even 22. A possible explanation is that
doubling the number of visible units, adds more information to the training data, and therefore
more features are needed. However, the amount of information in the data set stays the same,
as for the number of training samples in the set.

Most of the time initialisation has a big impact on how the training proceeds, as it impacts
the range investigated for the weights and biases. It could also result in a global minimum instead
of a local one. In our results there is not one way clearly better than the other for any model or
any kind of data. Both initialising them to zero or random gives around the same communicative
success or Manhattan distance.

For the non-redundant data, from the four learning algorithms (PCD/PCD/PT/IPT), there
is not one clearly better than the others. Overall CD stays a bit lower but it is more predictable
because it does not have many peeks and is the most error prone. All the others have more peaks,
which means increasing the number of hidden units with 1 can change the communicative result
drastically but not always in the positive sense. This is less reliable but after all our goal is to
get a high communicative success. IPT for 9 hidden units and PCD for 5 hidden units gave back
the highest results but due to the error this will not necessarily be the case if the experiments
are redone with new RBMs. No fixed conclusion can be made about which learning algorithm
to choose. It is a trade off between taking one with a higher error but more higher values, or one
which is more error prone but maybe will not deliver as high communicative successes. Looking
at the learning algorithms for the redundant data, there is also not one clearly better, but as
with the non-redundant data some are more error prone. However, these results give CD back
as the best algorithm, which is the algorithm with supposedly the worst approximation of the
models distribution.

Overall, the higher the learning rate, the better. However, as seen in the results for the
population model using the non-redundant data, this was highly depending on the number of
interactions each agent in the model initiated. Increasing this number, gave worse results for
higher learning rates. Therefore a method was introduced to separate the learning rate used while
pretraining the RBM and the learning rate used while training during interactions. Setting the
latter to the default of PyDeep 0.01, gave a more steady result when increasing the number of
interactions each agent in the model initiates. This is a way of decreasing the learning rate at the
end of training, where we see training during the interactions as the end of training the RBM.
However, a very plausible reason why using a high number of the learning rate can yield in a
worse communicative success is the fact that an RBM is stochastic. If it is not trained properly
it will give back too varying results for one concept or one signal. This makes communication
more difficult. For the redundant data, increasing the learning rate does not have as high an
impact as for the non-redundant data. They all station around the same value quit quickly.
Another difference from the non-redundant data is that a high learning rate does not have a big
impact on the success when more training is done during interactions. It will even make the
Manhattan distance go slower to the high Manhattan distance, which is the end result after all
the interactions took place. A 0.01 learning rate for training during interactions arrives faster to
this worse, higher Manhattan distance.

The last parameter is the number of epochs, or number of loops through the training data
used for pretraining the RBM. For the population model with non-redundant data, a higher
number of epochs gives a better result. Although, when getting to the high epochs (from 10 000)
a tenfold will have less and less impact. This will already happen for a smaller number of epochs
with the redundant data.
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Iterated learning with the non-redundant data also has a positive effect when increasing the
number of epochs of the initial agent. However, the other agents do not use the training data,
so also do not use this number of epochs. They have there own number, the number of training
interactions, which is similar and loops through data. Only this data does not come from a data
set but from the knowledge of the previous agent. Increasing the number of loops also has a
positive effect on the communicative success. For the non-redundant data this is again not really
the case, increasing these number can even lead to higher Manhattan distance when looking at
the results.

Looking at the results and ignoring the errors, each parameter depends on another parameter
except for the number of epochs. It does not increase the communicative success evenly for each
learning rate for example. However, when increasing it, it does not give a positive impact for
one learning rate and a negative impact for another.

The tables with the complexity are a first step to slide into simulating the language change.
For the population model, only for the non-redundant data, for a higher number (1000) of
interactions initiated by each agent, and using the higher learning rate also for training during
interactions, a loss of signals can be noticed. Overall it also seems to be more difficult for the
RBM to interpret the extra bit that is turned on when a suffixes verb is represented. It has a
lower count in the tables, both for the population of agents and iterated learning.

When the number of interactions and people in the population gets higher, the communicative
success drops.

Overall it looks like the more epochs of pretraining, the higher the communicative success.
Although the effect gets less big when the number of epochs gets higher. The centered RBM
also does better overall than the RBM which initialises the weights and biases with zeros.

Based on the results we can conclude the best parameters to use for the RBMs used in
our models. It outputs persistent contrastive divergence as the best learning algorithm with a
learning rate of 0.05. Higher epochs and the centered RBM give the best results.

Iterated learning gives an overall low communicative succes, which probably depends on the
amount of learning iterations with which the experiments were done. There is also not a big
difference visible in the complexity of the language when comparing the first and last generation.
This is probably the case because there are no other language speakers in this model.

The results only give an insight on the parameters chosen to vary, and even for them not all
values and dependencies could have been investigated. It could be possible that varying other
parameters gives a better result. The results also can not let us conclude if an RBM is a good fit
for representing an agent who can both speak and listen. The characteristic of an RBM makes it
an elegant solution but the fact that it is stochastic also makes for a lot of variation when giving
the same concept (or signal) multiple times.

The models are able to complete the partial data, so fill in a signal given that this was set
to zero and the concept part was filled in, or vice versa. However, it does not give the mapping
from the training data often enough, but instead regularly returns a signal or concept that has
no meaning in our data. The communicative success is not very high on average, not even half of
the interactions in one run give a communicative success. The Manhattan distance also does not
give ideal results, which would be between 0 and 1. However the best it gets for now is between
1 and 2.

Future work A couple of parameters were selected to experiment with, the ones that seemed
most important according to the theory. It could however be useful to look at other parameters
too. From the theory it was assumed that doing the Gibbs sampling in the contrastive divergence
once should be enough. Doing more Gibbs sampling could improve the results because it should
give a better approximation of the model distribution.
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The most interesting thing to continue this research with, is adding a way to distinguish
first language learners and second language learners. Finding a way to initialise an RBM with
Lamaholot and a way to initialise it with the neighbouring languages. This is probably done,
by abstracting less from the real language. An option could be too loose the binary RBM and
use another type of training data with which a more complex language could be expressed. An
option to stay closer to the current data is to find a way to involve an empty signal in the
interactions. This would be an extra one-hot vector. It could be given while training but this is
a bit unnatural. Another option is to add it as noise during interaction.

Including phonetics could help with simulating morphological simplification and trying to
draw conclusions about it, as discussed in section 1.3. It could be done by using the ASCII
values of the letters in the alphabet but this would take a lot of space. Then it is no longer
possible to use one-hot vectors. A solution could be to only represent the affixes and the last
letters of the verbs.

Although, clamping is now simulated manually, it could be interesting to add this to the
implementation, or maybe new libraries will come out which do have this feature. However, it
will not give a big difference because the inter layer nodes are independent.

6 Conclusion
Restricted Boltzmann machines have a very elegant feature that enables an agent to both be a
speaker and listener. However, the fact that it is stochastic can be a downfall for this advantage.
A lot of parameters can be varied however, so it is still possible it could improve in its commu-
nicative success. If this becomes true there is a high chance language change could be simulated
with RBMs. Given that the data is represented differently, so enabling the fact that the agents
can start with one of two languages: one for the mother language and another representing a
second language learner. There is still a long way to go before RBMs can be used successfully
for simulating morphological simplification.
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