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Abstract

Among the research area of linguistic evolution, cultural evolution is especially important
for us to form languages. Even if the human is said to have obtained the language ability
biologically, we cannot use any language by birth. There are several study about cultural
evolution to research how language is constructed through generations. Among which,
we focus on the generation of computer-tractable language. In this thesis, we investigate
the self-organization of meaning through ambiguous communication because we cannot
understand the speaker’s intention every time completely. We can guess the intention of
utterance together with body actions and a situation when they utter. On the other hand,
what the listener has guessed may not be the exactly same one as the original intention.
The so-called meaning only exists in our mind because we do not know what the meaning
is. Our approach is to construct meanings, in our definition, from syntax learning.

We have investigated the effect of the symmetry bias on the language evolution, which
decides the meaning in an ambiguous environment. For this task, we constructed a
Meaning Selection Iterated Learning Model (MSILM) based on the Simon Kirby’s Iterated
Learning Model (ILM), and simulated with three strategies: Perfect Matching Symmetry
Bias (PMSB), Imperfect Matching Symmetry Bias (IMSB), and Random strategy. As
a result of applying IMSB, the language of the agent evolved into more compositional
one, and the agent acquired a more expressive and similar language to the parent’s one
than that with the Random strategy agent. On the other hand, as a result of applying
PMSB, the language of the agent did not evolve well, the agent acquired a less expressive
and different language to the parent’s one than that with Random strategy agent. Our
experimental results showed that the effect of IMSB accelerated linguistic evolution to
obtain more compositional one, whereas PMSB disturbs linguistic evolution.

As a target of syntax-based meaning composition, we consider music scores. We
assume that the rules of music progression are in a subclass of context-free language, and
we let computers find them autonomously. We employ the ILM, and ask if the computer
can find a music knowledge that is common to us, and also if the computers can compose
music independently of our music knowledge. In this research, we have shown an example
set of rules found in the 25 études of Burgmüller regarding a symbol as a set of notes
on one beat. Although many of categories in the tree seem redundant and futile, some
of them reflect probable progressions, which well match with our human intuition. This
experiment has several virtues compared with other grammar-based formalism for music.
One is that we do not need to provide a dictionary beforehand. The other is that we can
exclude the human-biased intuition, which had hindered the definition of creativity.

Key Words: Linguistic Evolution; Machine Learning; Symmetry Bias;
Agent-based model; Grammar acquisition; Iterated Learning
Model; Music Analysis; Self-organization
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Chapter 1

Introduction

1.1 Cultural Evolution

The cultural evolution in linguistics is an important factor to form human language.
After the human acquired an ability to handle our language, they could develop the more
complicated language from the simple primitive one where a meaning consists of one
word. Therefore, we should know not only the biological reason but also the cultural
reason to clarify a mechanism of language. Our language has two characteristic features;
compositionality and recursion. Compositionality means that a sentence is decomposed
into multiple words, and the whole meaning is composed from the meaning of each word
efficiently. Recursion is that a structure of sentence can be embedded into the inside of
others, to create a more complex sentence. These features are basic functions on our
language, and thus we should focus on the reason why these features can be acquired by
human through generations.

Kirby (2002) proposed ILM (Iterated Learning Model) which is the model of language
evolution[30]. Among the language transition, there are two types of transmissions. One
is the vertical transmission which is repeating the one from a parent to a child; one-to-
one transmission through generations. The other is horizontal transmission which is the
communication in one generation; that is bidirectional transmissions in the community.
Kirby (2002) conducted the simulation of only vertical transmission on the computer. His
work showed that a language with highly compositional and recursive structure would be
acquired by Language Acquisition Device (LAD), without defining any language model.
The limitation of his work is that the child can see the parent’s intention completely.

Our language transmission is explained by I-language and E-language[6]. The former is
knowledge of language in our brain which contains lexicon, syntax, meanings, structures
of meaning, and the grammar to represent a meaning. The latter is the utterance to
outside which is generated by I-language. The speaker agent transmits the intention
using E-language, and the listener agent cannot acquire their intention indirectly.

Considering the way of transmission of intention is the issues to work in the lan-
guage evolution. We assume that transmission of the intention may be considered on our
communication as follows.

• Select the meaning of the speaker’s intention from a set of alternatives which are
obtained by human (e.g., cognitive biases). If we hear “this one” in front of Fig-
ure 1.1, we may guess alternatives which are a pen and a bottle of water. We will
select a pen or a bottle of water as the meaning of “this one”.

1



Chapter 1. Introduction

Figure 1.1: A Red Pen and a Bottle of Water

Figure 1.2: What’s the difference? “This is red”

• Organize the meaning from the sensory information (e.g., RGB value, wave voice
signal, and objectively data) and the samples of sentence. If we hear “This is
red” and “This is blue” in front of Figure 1.2 and Figure 1.3 respectively, we may
understand what “red” and “blue” would represent. In this case, we cannot define
our meaning space because of the possibility of infinite meaning. Therefore, we need
the methodology to organize the meaning in the language evolution.

We need the methodology of language evolution to understand natural language. In
general, NLP (Natural Language Processing) is developed as practical technology for the
usage of computing power, and could not explain the process of the calculation and what
the result means. Language evolution fills this gap of linguistic knowledge.

2



1.2. Selection by the Cognitive Bias

Figure 1.3: What’s the difference? “This is blue”

1.2 Selection by the Cognitive Bias

In section 1.1, we denoted two ways of transmission of intention. In this section, we
discuss the transmission of intention from the alternatives of the meaning. In general,
the number of meanings recognized from the situation is infinite, because the meaning is
mapped by the sensory data of the focused object which relates to the other object, and
the verbal relation between meanings of the objects. We described multiple recognition
for a situation in Figure 1.1 in Section 1.1. In addition, we cannot know that each
person realizes an object as the same meaning respectively. Therefore, we assume that
alternatives of the meaning of the utterance are limited by the human cognitive sense and
nonverbal language of the speaker. The issue that the listener selects the true meaning on
alternatives of meanings can be handled as the multi-armed bandit problem[28]. Cognitive
biases are known to be effective to solve the problem. It may cause the illogical decision,
but can accelerate the learning.

In the area of language evolution, we should investigate the variation of the accuracy
of the selection by cognitive bias over time. We also consider if the learner’s acquired
knowledge is the same as the teacher’s one. Cognitive bias may create a misunderstanding,
so we should focus on how the gap influences the occurrence of language evolution.

1.3 Self-organized Meanings

In the case of no explicit meaning transmission in the communication, the learner acquires
the meaning by self-organization from experiences of the utterance and the situation. The
learner on the vertical transmission of language evolution learns the language from the
state with no knowledge. Therefore, the learner needs the self-organization of the meaning
to express the arbitrary situation.

E-language is the utterances recognizable by everyone. On the other hand, I-language
is the internal knowledge of language which resides in each agent. Thus, there may be a
gap between the intentions; one is observed as E-language by a listener and the other is
of the speaker that based on I-language.

Natural language has ambiguities in understanding[43]. In NLP, many researchers have

3



Chapter 1. Introduction

tried to resolve the ambiguity of meaning space in understanding using Deep Learning,
self-organizing map, and other machine learning techniques[27, 23, 43]. These research are
done on unsupervised machine learning for ambiguities, without referring to the meanings
of word and syntactical category. It is impossible that the given input data cover all of
the language knowledge, thus, we need to compensate semantic features from the given
data which are able to parse sentences with unknown words and structure.

In language evolution, self-organization should be investigated because the function of
language changes dynamically over time. Simple meanings are represented by a few num-
ber of utterances in the early stage of language evolution, however, when we are forced
to express complex meanings for communications in the grownup society, we must com-
pose corresponding complicated utterances. In other words, we cannot simulate language
evolution using well-defined semantics and syntax.

NLP requires much calculation amount and enormous input data. Therefore, the
calculation of NLP would take long time to fix the model parameters. We do not take
the calculation like Deep Learning and complex probabilistic model in own brain. In our
hypothesis, the processing like self-organized map happens in our brain, hence we consider
about dynamic acquisition of meanings in cultural evolution.

1.4 Relationship between Language and Music

Hauser (2016) argued the universality of human linguistic ability[21]. He called the lin-
guistic generative faculty as “Universal Generative Faculty” (UGF). In his opinion, we
can observe the same hierarchical structure with language on mathematics, morality and
music, e.g., noun phrase, noun clause, and noun in language, as well as chord progression,
chord with the key, and chord in music.

The study of machine learning developed by NLP has been applied to music in various
cases[13, 39, 38, 48]. And also, the structure generation through cultural evolution which
Kirby (2002) proposed has been applied to laboratory experiments of music; the structure
of rhythm[42] and the structure of playing music[49] was produced by iterated learning.

The paper of Kirby (2002) denoted that the hierarchical structure in language is caused
by cultural evolution, but, every hierarchical structure cannot be what we handle as UGF;
the hierarchical structure which has no recursion is not the whole expressive power of
UGF. The feature of our language requires recursion in general[7, 10], and the structure
which has no recursion is not the structure of UGF even if the structure is hierarchical.
Therefore, the model which generates the hierarchical structure is not enough condition
for human-like model. If we assume the mechanism of UGF, we should challenge to verify
the model on the various areas which are expressed by UGF.

1.5 Formalization of Language and Music

In computer science, we handle language and music by formalization to generate intel-
lectual products automatically and to analyze the property. In particular, the generative
system which is modeling by formal grammar has the advantage to observe the genera-
tion process explicitly as compared to stochastic and statistic model and Deep Learning.
To investigate language transmission in the complex system, we consider that the simple
generation process as feedback is important.

4



1.6. Our Proposals

We can refer to the animal languages as an observable parallel case of our progenitor’s
languages[20]. There exists a research of birdsong as a kind of animal language[31, 2, 46].
There are three steps in the recognition of birdsong; symbolization on continuous voice,
classification of a symbol, and generation of syntactic rules. In linguistics, the first and
second issues correspond to phonology, and the third issue corresponds to theoretical and
cognitive linguistics. The methodology for the birdsong is the same as natural language
processing. The birdsong has simple grammar which is executable by computer, that is
finite deterministic automaton. Therefore, the initial human language must have been
simple grammar as the birdsong, then the language is getting complex through cultural
evolution.

One of the formalizations of music is GTTM (A Generative Theory of Tonal Music)
which is proposed by Jackendoff and Lerdahl (1982) to formalize western tonal music
formally based on music theory[11]. However, we need the human judgment to select the
applicable rule to analyze the music. To resolve the problem regarding the applicable
rule, there are researches using Deep Learning[16, 17]. It is difficult to implement the
abstracted operations (e.g., When the contradictory situation happens, the calculation
process goes back to the lower layer process). Therefore, we cannot analyze the music
completely based on GTTM.

On the other hand, there are researches using formal grammar which Chomsky proposed[48,
12]. These researches describe the music theory as a set of rules on the formal gram-
mar (e.g., Context-Free Grammar, Head-Driven Phrase Structure Grammar, and so on).
In the analysis step, the existing music score is parsed by the set of rules predefined, and
we will evaluate the parsed structure. When we describe music theory in formal grammar,
the set of rules may become counter-intuitive to us.

1.6 Our Proposals

In this research, we propose new models of cultural evolution and show their simulation
results. We constructed the iterated learning models that the one employs alternatives
on meaning transition in Chapter 3 and the other develops the self-organized meaning
without meaning transmission in Chapter 4, and simulate the language transition in the
various conditions. And also, we challenged to formalize language and music.

Ambiguous environment like that we indicated in Section 1.1 is a kind of important
features in language evolution. When we suppose that the meaning transition is realized
by the joint attention (Section 1.2), we need the simulation model of language transmis-
sion based on the joint attention frame for study of language evolution. Meaning Selection
Iterated Learning Model (MSILM) is ILM using transmissions of the language on ambigu-
ous environment based on the joint attention. The second is ILM using self-organizing
meanings corresponding to syntax. We evaluate the possibility of language evolution in
an ambiguous environment and usefulness of the self-organizing meanings on language
evolution using our model on computer simulation.

In Chapter 3, we experiment the iterated learning simulation on the meaning selection
situation. In this circumstance, we employ the cognitive bias as a way of meaning selection.
We focused on symmetry bias, and simulated two implementations of symmetry bias; the
one is PMSB (Perfect Matching Symmetry Bias) which works for learned utterances, the
other is IMSB (Imperfect Symmetry bias) which is based on similarity of meanings and

5



Chapter 1. Introduction

utterances. PMSB has an integrated meaning and assigns the same meaning to the same
strings, and does not works for unknown utterances. IMSB has totality for all utterances
because works for all utterances. IMSB is able to infer for all utterances, however, the
selection considering similarity includes logical fault (e.g. When we do not have experience
in language, it is wrong to map an utterance “eats pie” to a meaning “eats pine” which
is similar to it). We investigate the effect of biases on the meaning selection situation
in language evolution. In the experiment of PMSB, language evolution is not happened,
and an agent’s language is prone to the inherited language from a previous generation.
We appraised the effect of language evolution by IMSB that causes compositionality of
an agent’s language in the joint attention environment.

If we suppose the meaning transition by self-organization like that we argued in Sec-
tion 1.3, not to select a meaning from universal meaning space, we need to investigate
the validity of the method of self-organization using the data grounded on the real world.
In this research, we used music to verify our proposed method as the target of the real
world. We assess soundness of our self-organization by music, not language, in terms of
UGF as indicated Section 1.4.

In the Chapter 4, we investigate whether the agent acquires the meaning structure
to express music theory through generations on the circumstance that the intention of
utterance is not transmitted to the learner. The model in Chapter 4 employ a created
music by agent’s knowledge, different inputs with parent’s one, and our learning method
based on Kirby (2002)[30] as an utterance, bottleneck, and learning in iterated learning,
respectively. On the situation which has no transmission of the meaning in language
evolution, we cannot assess the correctness of the meaning structure directly. Therefore,
we evaluate whether the structure of the meaning can be the expressible structure of
music theory.

We experimented the iterated learning for 25 études of Burgmüller, and generated
parse trees based on an agent’s set of rules. We can appraise relationship between musical
notes and phrases on a parse tree. As a result of assessment, we found the progress from
dissonant chord to harmonic chord. The progress represents a part of music theory.
However, we found much meaningless rules in a agent’s knowledge. The rules is necessary
for creations of more abstract rules, and we have possibility of more beneficial result if
give the model audio signal information.

1.7 Thesis Outline

The rest of this thesis is organized as follows.

Chapter 2 introduces background needed in the rest of the thesis. Chapter 2 does
not contain our contributions. Section 2.1 studies about CFG which is basic grammar in
our simulations. Section 2.2 indicated basic ILM which is proposed by Kirby (2002). We
described the concept of limitation of meanings on ambiguous situation in Section 2.3.

Chapter 3 shows language evolution on joint attention environment as ambiguous
situation. We propose the methodologies to select a meaning from the alternatives, based
on symmetry bias. This chapter denotes one of our work as linguistic transition on
ambiguous environment. Section 3.1 showed the proposals in Chapter 3. In Section 3.2,
we proposed new criterion to evaluate dissimilarity between two language knowledge.
Section 3.3 also indicated the way of acceleration of the simulation using the clipping

6



1.7. Thesis Outline

agent’s utterances. In Chapter 3, we argued occurrence of language evolution by the
symmetry biases we indicated in Section 3.4, and characteristics of the symmetry biases.
We proposed iterated learning model employed joint attention in Section 3.5, and inference
of a meaning from an utterance based on symmetry bias in Section 3.6. Section 3.7
shows the experimental condition using clipped utterance (Section 3.3) and evaluation
criteria including language distance (Section 3.2). Conclusion in Chapter 3 is indicated
in Section 3.8.

Chapter 4 shows application of iterated learning to music scores. We propose the
learning which acquires semantics and syntax at the same time, and investigated the ef-
fect of the learning for music scores. this chapter denotes one of our work as usefulness
of self-organizing meaning to recognize music structure. In Section 4.1, we indicated the
grammar of music as background in Chapter 4. Section 4.2 introduced categorial level
which is semantics to work self-organization, and learning method for our proposed gram-
mar. On our model, we clearly can recognize the meaning of utterance created by an
agent (Section 4.3), and Section 4.4 is explanation how to generate an utterance from
agent’s knowledge. Furthermore, we can realize how an agent understands symbol se-
quence by the parse tree of the sequence. Therefore, our proposed model is a generative
descriminative model of music. In our model, agent may have multiple understanding for
a music score. An assessed parse tree of each score is randomly generated (Section 4.6).
Our experimental results shows that a part of an agent’s knowledge represents music the-
ory (Section 4.7). Section 4.8 indicated that argumentation of validity of self-organization
and usefulness as music model.

We concluded the achievement in language evolution on ambiguous environment, and
indicated a further direction of language transmission on ambiguous situation.

7



Chapter 2

Preliminaries

2.1 Context Free Grammar

CFG (Context-Free Grammar) is one of 4 formal grammars which Chomsky (1959) pro-
posed as Type 2 Grammars[5, 4]. Chomsky (1959) defined 4 layer of grammars which
is PSG with restrictions. PSG has the same expressive power with Turing Machine. In
particular, CFG has the mathematical feature which is the similar to language, is used to
be the base model of NLP and programming language. The definition of CFG as follows.� �

Context Free Grammar G0

G0 = (N, T, P, S)

N : Non-terminal symbols

T : Terminal symbols

P : A set of rules

α→ β
(
α ∈ N, β ∈ (N ∪ T )+

)
S : Start non-terminal symbol S ∈ N� �

2.2 Iterated Learning

Infants learn language from their parents, without observing the internal language of
them, that is the innate but hidden grammar formalism. As a result, the infants may
acquire a different language from their mothers. In Figure 2.1, the baby guess possible
chunking from the few sample sentences given by its mother.

Simon Kirby described compositionality and recursion as fundamental features of
grammar[30]. In Kirby’s ILM, an infant’s linguistic knowledge is evaluated by expres-
sivity of linguistic knowledge and a number of grammar rules. Compositionality is the
property whereby “the meaning of an expression is a monotonic function of its parts and
the way they are put together[3].”. High compositional grammar provides higher expres-
sivity and a smaller number of grammar rules. Kirby’s ILM is the model whereby a pair of
a parent agent and an infant agent resides in a generation, and the infant agent becomes
the parent agent of the next generation (Figure 2.2).

The parent agent and the infant agent are given the same meaning from the predefined
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2.2. Iterated Learning

Figure 2.1: Chunking by Infants

Figure 2.2: Illustration of Kirby’s ILM

meanings. The parent agent generates an utterance which represents a given meaning.
This process is iterated for a predefined number of times. In ILM, a meaning represented
by a form of predicate-argument structure (PAS), and, the size of predefined meanings
is 100 distinct meanings constructed by 5 predicates and 5 objects (Figure 2.3). The
infant agent learns grammar rules from pairs of the given meaning and a parent’s utter-
ance. Meanwhile, the infant agent generalizes their language knowledge. In ILM, agent’s
knowledge represented by Labeled Context Free Grammar (LCFG) as follows.� �

Labeled Context Free Grammar G

G = (N, T,M, V, P, S)

N : Non-terminal symbols

T : Terminal symbols

M : Predefined meanings (PAS)

V : Variables for M

P : A set of rules

α→ β
(
α ∈ N × (M ∪ V ) , β ∈ ((N × V ) ∪ T )+

)
S : Start non-terminal symbol S ∈ N

α must have all variables in β.� �
9
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Figure 2.3: A Form of Meaning in ILM

The three operations employed in the ILM are as follows1.

• Chunk

S/like(mary, john)→ marylikesjohn

S/love(mary, john)→ marylovesjohn

↓ chunk
S/X1(mary, john)→ mary N0/X1 esjohn

N0/like→ lik

N0/love→ lov

• Merge

S/hate(X2, X3)→ N1/X2 hates N2/X3

N1/gavin→ gavin

N1/pete→ pete

N2/gavin→ gavin

↓ merge
S/hate(X2, X3)→ N2/X2 hates N2/X3

N2/gavin→ gavin

N2/pete→ pete

• Replace

S/admire(john, pete)→ johnadmirespete

N3/admire→ admire

↓ replace
S/X1(john, pete)→ john N3/X1 pete

N3/admire→ admire
1Chunk and merge is which Kirby defined, but, replace is which Nakatsuka(2006) defined as indepen-

dent operation from the Kirby’s research[47].
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Figure 2.4: Kirby’s ILM Expressivity and Number of Grammar Rules

Since the number of utterances is limited to 50 in the Kirby’s experiment, the infant
agent cannot learn all the predefined meanings directly (the size of predefined meanings
is 100), thus, the infant agent has to generalize their linguistic knowledge by learning to
the predefined meanings. When the parent agent cannot utter because of a lack of the
grammar rules, she invents a new rule. This process is called the invention. Even if the
invention does not work to complement the parent agent’s grammar rules, she utters a
randomly composed sentence.

We implemented Kirby’s ILM, and evaluated knowledge of the agent for each gener-
ation. In addition, we experimented 100 times each of whose random-seed was changed
at each time. Figure 2.4 shows the simulation result of the mean of expressivity and
number of grammar rules in an exploratory experiment of Kirby’s ILM. The vertical line
represents the mean of expressivity, number of grammar rules, respectively, and the hor-
izontal line represents generations. From Figure 2.4, expressivity started at 41.00% and
finished at 99.32%, and number of grammar rules started at 41.92 and finished at 23.98.
Therefore, the final agent of Kirby’s ILM can generate utterances which represents most
meanings. The agent’s expressivity is increasing through generations, nevertheless, the
agent’s number of grammar rules is decreasing, because compositionality is emerged in
the agent’s grammar.

2.3 Joint Attention

Joint attention frame is an idea to share the intention of utterance realistically[22]. In joint
attention frame, the transmission of the meaning is realized to understand the speaker’s
intention by eye-gazing, pointing and non-verbal indication. However, if we assumed that
the meaning is a combination of the sensory data, a number of the meaning of an object
is infinite because of continuity of sensory data. We can avoid the problem of a number
of recognized meaning by assuming the faculty which is to decide the unique meaning to
the situation. At the circumstance, there is “gavagai” problem[41]; that is ambiguities of
the selected meaning from the same situation on joint attention frame (Figure 2.5).
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Figure 2.5: “gavagai” problem
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Chapter 3

Iterated Learning on Joint Attention
Environment

3.1 Selection on candidates of the meaning

When we are put in unacquainted situations, we often employ illogical inferences, and
some of them are called cognitive biases. At a period in the formation of language,
cognitive biases work well for lexical acquisition [36, 32]. Cognitive biases restrict a flood
of concepts for disambiguation, and enable easy mapping from a word to its meaning.

For example, once an infant maps a label to an object, it does not map the same label
to other objects by the mutual exclusivity bias. Hence, unknown labels preferentially are
mapped to new objects, and this helps the infant’s lexical acquisition. In particular, the
symmetry bias is known to be efficient to acquire lexica and sentence structures [35, 34,
26, 25]. Human recognition is affected by the symmetry bias.

The symmetry bias is a tendency to recall a meaning of an utterance that a hearer
has already known when they receives a new utterance, and allows human to connect an
utterance with its meaning each other. The symmetry bias is unique to human, i.e., even
great apes such as chimpanzees, orangutans, bonobos and so on, do not have it [18, 44].
They also do not have as complicated language as humans. Furthermore, it is considered
that the symmetry bias and human’s language-acquisition are strongly related, and this
relationship may affect language evolution.

Also, there is similar researches concerning Saussurean sign [24, 37] toward researches
of the symmetry bias. In the idea of Saussurean sign, it is important for human’s com-
munication, that is a bidirectional mapping between a phonological form and some repre-
sentation of a concept. On the other hand, a bidirectional mapping between an utterance
and a meaning is important for human’s communication. When the utterance which they
already know is identical to the former one, the symmetry bias works as an inference of
what the utterance implies. In the research of Sassurean sign, the bidirectional mapping
is important, however, the symmetry bias do not make mapping, and is just a bias for
recognition of a meaning. It allows that a meaning can represent several other different
utterances. The target of the research of Sassurean sign focuses on the lexical acquisition,
however, the target in this research focuses on the grammar acquisition.

It is beneficial to investigate the effects of the symmetry bias on language evolution
for unravelling a mechanism of language acquisition. However, in general, the computer
simulation for the language evolution is difficult since we cannot reconstruct our research
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environment exactly as the same as what is going on in our mind, and thus, we need to set
up our simulation environment according only to our ungrounded intuition. If we could
observe human mind in the more precise way and could clarify how our mental states
shift, we might able to make this reconstruction process easier, but such an observation is
unrealistic. Fortunately, we can simulate language evolution in a simpler model through
computer simulation. Using this, we can control the environment of experiment, and we
can estimate a human’s internal state changes through that of an agent. Hence, computer
simulation is effective to test various hypotheses of language-acquisition or language evo-
lution, and to design experiments with reproducible conditions, such as learning times,
population, and various difficulty levels of lexical acquisition and so on.

So far, we have implemented a computer simulation model based on Kirby’s Iterated
Learning Model (Kirby’s ILM) [30] to investigate the effect of the symmetry bias. In
Kirby’s ILM, a parent agent generates an utterance based on a meaning from a predefined
meaning set, and an infant agent receives a pair of the meaning and the utterance for
50 times which are the half size of the predefined meaning set, in a generation. After
getting pairs of an utterance and its meaning, the infant agent generalizes its knowledge
through learning, and the infant agent becomes a parent agent of next generation. Matoba
removed some meanings from the pairs which the infant agent received [34].

In the study, the infant agent receives pairs with and without a meaning of its ut-
terance. When the infant agent receives an utterance without its meaning, it infers a
meaning of the utterance using the symmetry bias. Consequently, the infant agent can
infer the meaning of its utterance using its acquired knowledge. When the infant agent is
not given the meaning, the infant agent with the symmetry bias makes an inference based
on the acquired knowledge, whereas the infant agent that has no symmetry bias allocates
a meaning to an utterance randomly. As a result, the agent which has the symmetry bias
acquires a more expressible, and compact language more efficiently.

Next, we need to evaluate the similarity between two languages, because we must
evaluate how the cognitive bias helps to acquire the same language as the parent’s one. To
solve the task, we formulated the language distance between two linguistic knowledge. In
addition, we revised the simulation model in the more realistic way, and the revised model
that we call it MSILM (Meaning Selection Iterated Learning Model), is incorporating a
joint attention frame as a new feature into Kirby’s ILM. The difference between Kirby’s
ILM and MSILM is a way of transmission of meanings from a parent agent to an infant
agent. Joint attention frame is for sharing the common state of environment between
two individuals in the real world. Though the parent transmits a meaning to an infant
correctly in Kirby’s ILM, it is difficult to transmit a meaning to another individual where
language of an each individual do not know language of another individual in real world.
In MSILM, the joint attention frame introduces a state where multiple meanings are given
for an utterance.

In this study, we verify the effect of the symmetry bias on language evolution, and
we make a comparison of two kinds of implementation of the symmetry bias. Our aim
is to observe the effect of language evolution by the strategy for meaning selection. The
first implementation is named PMSB (Perfect Matching Symmetry Bias) which behaves
the same as the existing research[34]. The other is named IMSB (Imperfect Matching
Symmetry Bias) of which the constraint is weaker than the PMSB. The constraint of the
IMSB depends on the similarity of utterances and meanings. The reason for including
similarities is that a human does not repeat the same action perfectly every time, so
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every human has the aptitude to accept a variation of each other’s behavior, i.e., we
supposed the infant agent would recognize an utterance as a clue to decide a meaning.
To infer a meaning of an utterance, the infant agent employs three strategies which are i)
Random, ii) PMSB, and iii) IMSB. In this paper, we employ the constructive approach,
and investigate the effect of these strategies on linguistic evolution.

3.2 Evaluation of Similarity between two Languages

We designed language distance which evaluates the dissimilarity between two kinds of
linguistic knowledge. The smaller the value of language distance is, the more similar the
linguistic knowledge is. We employed Levenshtein distance and Hamming distance on lan-
guage distance. Levenshtein distance evaluates similarity between two strings of terminal
symbols in terms of translating operations through inserting, deleting and replacing, e.g.,
Levenshtein distance between two utterances which are “abc” and “abde” becomes 2 (re-
placing ‘c’ to ‘d’ and inserting ‘e’ at end). Hamming distance evaluates similarity between
two strings of terminal symbols which are the same length, unlike Levenshtein distance.
Translating operation on Hamming distance is only replacing, e.g., Hamming distance be-
tween two meanings which are “like(mary, john)” and “like(mary, pete)” becomes 1 (just
replacing ‘john’ to ‘pete’). The following is the procedure to calculate language distance
between the infant agent and the parent agent.

Step 1 Make pairs of a meaning and an utterance as much as possible using each linguistic
knowledge.

Step 2 Pick up one of the infant’s pairs.

Step 3 Select one of the parent’s pairs which has the most similar meaning to the one
of the picked up pair at step 2.

Step 4 Calculate Levnshtein distance between the utterance of the picked-up pair at step
2 and the utterance of selected pair at step 3.

Step 5 Repeat step 2 to step 4 in each infant’s pairs, and calculate the mean of Lev-
enshtein distance at step 4. This value becomes language distance of two kinds of
linguistic knowledge.

Figure 3.1 shows the image of language distance between a parent and an infant. In the
Figure 3.1, each black dot in the ellipse represents a pair of a meaning and an utterance,
and an arrow which connects two black dot means a combination to calculate Levenshtein
distance between two utterances. There also exists a black dot without an arrow, viz.,
there is a pair that is not associated with calculating language distance in a parent’s pairs.
The situation issues that, language distance is designed for a parent’s comprehension of
an infant’s language, because our aim of language distance is to evaluate the change of
language from a parent to an infant. Figure 3.2 shows the transmission of utterances. A
child have the part of the parent’s utterances. In ILM, parent cannot give all utterances
to express the whole meanings. Therefore, the child fills the lack of knowledge from given
utterances. The language distance evaluates the difference of knowledge that the child
fills.
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Figure 3.1: Processing of Language Distance

Figure 3.2: Extension of Knowledge in a Generation
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3.3. Acceleration of Iterated Learning Simulation by Clipped Utterances

An infant’s language is learned from only a parent’s utterances. If an infant acquires a
parent’s language perfectly, language distance would be 0, and, if an infant understands a
parent’s grammar of language perfectly (the infant parses given utterances perfectly), the
language distance also would be 0. The following Equation 3.2 denotes the calculation
of the language distance between knowledge Ka and knowledge Kb where uai and ubua

i
are

generated by Ka and Kb respectively. But also, ubua
i

should be generated from a meaning
which is most similar to the meaning of uai .

DKaKb =
1

n

n∑
i=0

d
(
uai , u

b
ua
i

)
|uai |+

∣∣∣ubua
i

∣∣∣ (3.1)

We experimented on language distance with the same experimental setting as Kirby’s
ILM(section 2.2). Figure 3.3 shows the result of applying language distance to Kirby’s
ILM. The vertical line represents the mean of language distance, and horizontal line
represents generations. In Kirby’s ILM, the language distance started at 0.406 and finished
at 0.098. Since an infant agent receives a parent’s utterance and its meaning, an infant
understands a parent’s language almost certainly through some pairs. It is expected that
the higher expressivity is, the smaller the language distance is. In fact, from Figure 2.4
and Figure 3.3, the result of language distance shows the expected behavior, furthermore
we can observe that the generation of the converged expressivity and that of the language
distance is almost the same.

Figure 3.3: Kirby’s ILM Language Distance

3.3 Acceleration of Iterated Learning Simulation by

Clipped Utterances

In expanded ILM (e.g., adding of population), we know that the mean of length of an
utterance increases endlessly. This problem make it difficult to calculate the simulation
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Figure 3.4: Language Distance: ancestor to offspring

Figure 3.5: Language Distance: offspring to ancestor
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3.4. Symmetry Bias

and the evaluation of language distance. We employ clipped utterances to ILM, and verify
an influence of it by evaluations which are expressivity, number of rules, and language
distance.

Figure 3.6 shows an example of clipping. At first, the child collects rules to make an
utterance, then erases the string in a rule until the erased string match any string in the
child’s knowledge or the length of the erased string becomes 1. In this case of Figure 3.6,
“cba” and “ed” become “cb” and “ed” respectively because the erased string is 1. And
moreover, “abef” becomes “abe” because the erased string become “ab”.

Figure 3.6: Illustration of Clipping

We experimented the simulation using the clipped utterances, and evaluated agent’s
knowledge by expressivity (Figure 3.7), number of rules (Figure 3.8), language distance
(Figure 3.9) and a mean of utterance length (Figure 3.10, 3.11). We obtained no difference
between agent with clipping and agent without clipped about expressivity, number of
rules and language distance. And, we confirm decreasing of utterance length by clipping
utterances.
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Figure 3.7: The Result of Clipping: Expressivity

3.4 Symmetry Bias

The symmetry bias makes a symmetric relation between an object and a label. Figure 3.12
shows a situation where the symmetry bias works. If infants are taught that a red sphere
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Figure 3.11: The Result of Clipping: Average of Utterance Length(with Clipping)

Figure 3.12: Illustration of the Symmetry bias

object has a lexical label “Apple”, then they apply the label “Apple” to the red sphere
object, i.e., although infants learned that the object implies the label, infants recognized
that the label implies the object. This action is considered as human specific, and is an
illogical inference. Illogicality can be shown by the following incorrect sequence: By the
symmetry bias, “It is rainy, because a person is opening an umbrella.” is derived from
“There is a person opening an umbrella because it is rainy”, even though the opening of an
umbrella does not imply rain. This inference is clearly incorrect. In language acquisition
by the symmetry bias, the infant might make a mistake because of illogical inference.
Thus, it is important to research the effect of the symmetry bias in language acquisition,
and also language evolution.

In this paper, the symmetry bias acts in mapping a meaning and an utterance. Con-
cretely, when an infant received an utterance from a parent, the infant appropriates the
same meaning to a meaning of the utterance which the infant knows. In the other words,
the infant could reverse the relationship of an utterance and a meaning by the symmetry
bias.
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Figure 3.13: Illustration of our model wich is MSILM

3.5 Meaning Selection Iterated Learning Model

This section explains MSILM and assessment criteria of agent’s linguistic knowledge. In
this paper, we experimented simulations using MSILM based on ILM proposed by Kirby
(2002), and evaluated the agent’s linguistic knowledge by assessment criteria.

We have constructed MSILM which employed the notion of joint attention frame in
Kirby’s ILM (Figure 3.13). In MSILM, both the parent agent and the infant agent are
presented with multiple meanings. The parent agent selects a meaning from the presented
multiple meanings, and utters it to the infant agent. The infant agent infers a meaning
of the utterance from the presented multiple meanings, and learns a pair of an inferred
meaning and the utterance. Thus, the infant agent is not always able to infer the same
meaning to the parent’s selected meaning. So far, an agent’s linguistic knowledge is
evaluated by the expressivity of linguistic knowledge and the number of grammar rules.
However, these criteria represent just about compositionality, i.e., the similarity between
the parent agent’s linguistic knowledge and the infant agent’s one is not represented.

In MSILM, it is important whether the infant agent can acquire the same language to
the parent agent’s one. Therefore, to evaluate the similarity between two languages, we
employ language distance which is based on similarity between two utterances which are
strings of terminal symbol[35].

3.6 Inference Strategy

In this study, we proposed two inference strategies which are PMSB and IMSB, based
on the symmetry bias. Also, we employed Random strategy as a comparative indicator.
These strategies are the ways to select a meaning of an utterance from presented multiple
meanings. The descriptions of the strategies are as follows.

Random The infant agent selects a meaning from presented meanings randomly.
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PMSB The infant agent compares the parent agent’s utterance to all utterances which
they can generate, and selects the same one. Next, they compare a meaning of the
selected utterance to the presented meanings, and select the same meaning from
them. If the infant agent cannot find the same utterance or meaning, the infant
selects a meaning randomly.

IMSB The infant agent compares the parent agent’s utterance to all utterances which
it can generate, and selects the most similar one in terms of Levenshtein distance.
Next, they compare a meaning of the selected utterance to presented meanings, and
selects the most similar meaning from the presented meanings in terms of Hamming
distance.

In the inference of IMSB, an agent selects the same utterance and meaning, however,
in the inference of PMSB, an agent selects the most similar utterance and meaning. In
terms of IMSB, when the infant agent can generate the same utterance to the parent’s
one, the infant agent infers the same meaning to the parent’s selected one. This behavior
in IMSB agent is equal to the one in PMSB agent, viz., the condition which IMSB infers
correctly includes one that PMSB infers correctly. Furthermore, IMSB also works even if
PMSB does not work.

3.7 Experiment and Result

In the experiments, we employed 100 meanings which are constructed by five predicates
and five object words. The number of presented meanings is two (if the number is set
as over three, the experiment result will be unstable because of difficulty of the meaning
selection task). The presented meanings are chosen randomly at each time. We examined
the efficacy of each inference strategies when the infant agent infers the meaning of an
utterance in two presented meanings. In MSILM, we measured expressivity, number of
grammar rules, language distance, and ratio of correct meanings which is accuracy rate for
the infant to select a parent’s meaning in two presented meanings. We experimented 100
times, each of whose random-seed was changed deferentially. The value of each criterion is
calculated as the mean of 100 values. Figure 3.14, 3.15, 3.16 and 3.17 show the comparison
of the result of expressivity, number of grammar rules, language distance, and ratio of
correct meanings, respectively with each strategy.

From Figure 3.14, we can observe that the IMSB agent’s expressivity records the
highest value in the three strategies. The PMSB agent’s expressivity is the lowest even
though the infant agent applies the symmetry bias as PMSB. In the case of applying
PMSB, an infant agent acquires the same meaning if they know the parent’s utterance,
however, in the case of applying Random, an infant agent has possibility to acquire new
information (an utterance represents a new meaning) even though they know the parent’s
utterance. Thus, the PMSB agent’s expressivity records the lowest. In the case of applying
IMSB, an infant agent acquires the same meaning if they know the parent’s utterance, and
an infant agent acquires a pair which has a more similar meaning and utterance to that
they already knows if they does not know the parent’s utterance. That the IMSB agent
selects a similar meaning, makes the relationship between a meaning and an utterance; the
more similar the utterances are, the more similar the meanings are. Therefore, the IMSB
agent makes his/her language to be generalized easily over generations. In terms of IMSB,
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there is a high probability that generalization of language happens. Notwithstanding, in
all trials, an agent can not necessarily generate an utterance for all meanings. That
expressivity is around 70 % in Figure 3.14 represents this.

From Figure 3.15, we observed that the number of grammar rules is almost impartial
with each strategy.

In the symmetry bias (the both of PMSB and IMSB), the infant agent cannot appro-
priate some meanings for an utterance. Therefore, number of grammar rules as results
of the symmetry bias is less than one as Random strategy, because the same rules with
other one is not counted.

From Figure 3.16, we can observe that the IMSB agent’s language distance is the
smallest, i.e., the grammar of the parent and infant agent with IMSB is the most similar
in the three strategies. The PMSB agent’s language distance is almost the same as the
Random agent’s one.

Language distance represents the change from language of the parent to that of the
infant, and, it is considered that the languages in Random and that in PMSB strategy
differ much. The reason of this is confirmed by unimproved expressivity over generations.
After an infant inherited a parent’s grammar, an infant’s language becomes more com-
positional than parent’s language. Therefore, in Random and PMSB, an infant does not
inherited a parent’s language, and, this means that language changes significantly.

Also, language distance of Random and PMSB are almost the same because each
strategy of them has its own advantage. Advantage of PMSB is to appropriate a meaning
more correctly than Random, by the symmetry bias. On the other hand, an advantage of
Random is to acquire more expressive language than PMSB. In the case of IMSB, an infant
selects the most similar utterance to what they already knows for an received utterance,
and, selects a most similar meaning toward a meaning of the most similar utterance, from
the presented meanings. Therefore, by IMSB, the agent’s language acquires the feature
that the more similar meanings to each other represent the more similar utterances to each
other. This indicates that an infant inherited the information of similarity of utterances
and meanings from a parent. So, an infant inherited a parent’s language, and, the language
distance becomes small.

From Figure 3.17, we can observe that the IMSB agent’s ratio of correct meanings is
the highest, and the Random agent’s one is the lowest. Through generations, the tendency
which indicates increasing of ratio of correct meaning is not observed, however, the IMSB
agent’s the ratio of correct meanings increases.

In the case of IMSB, an agent’s language changes to the language which the more
similar meanings to each other represents the more similar utterances to each other.
In IMSB, we observed the relationship between the similarity of utterances and that
of meanings, over generations. Therefore, IMSB inference becomes more rational over
generations. In PMSB, when an infant selects a meaning correctly at the first time,
it selects a meaning correctly after the second time because PMSB gives the perfect
symmetric relation between a meaning and an utterance. On the other hand, when
an infant does not select a meaning correctly at the first time, it looks like that this
inference has a bad influence on the ratio of correct meanings, but in fact, it is not a
disadvantage. In the case of that there is a no meaning which an infant selected at the
first time in presented meanings, it selects a meaning randomly. If the meaning which
an infant selected at the first time is not the same meaning as parent’s one, the chances
that the presented meanings include the wrong meaning at the first time are low, when
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Figure 3.14: MSILM Expressivity

an infant received the same utterance after the second time. An infant received the same
utterance after the second time when the parent generates based on the same meaning
after the second time. The probability that the presented meanings include the meaning
and the wrong meaning, is 1

100C2
= 1

50×99 = 0.00020202. Consequently, PMSB is the more
effective approach as the way to select the meaning than Random in condition of MSILM.
Furthermore, IMSB which is the way to change the agent’s language, is the more effective
approach than PMSB which is the way to select the parent’s meaning.

IMSB infant agent selects the parent’s selected meaning with more precision through
generations, and according to the increasing of expressivity, the language distance de-
creases. In the case of PMSB, we can observe an improvement of selecting the parent’s
meaning, however, the PMSB agent’s expressivity is lower than the Random agent’s one,
and the PMSB agent’s language distance is tantamount to the Random agent’s one.

3.8 Effect of the Symmetry Bias

The aim of this study is to investigate the effect of the symmetry bias on language evo-
lution. We constructed MSILM which incorporated the notion of joint attention frame
in Kirby’s ILM. First, we experimented simulation in Kirby’s ILM, and evaluated the
language of each generation by expressivity, number of grammar rules, and language
distance.

These evaluation we used is not related to real condition of language evolution, but,
we presume these evaluation a clue about feature of language evolution. We assume
the results of Kirby’s ILM the most efficient result of MSILM because Kirby’s ILM is
equivalent to a situation that an infant selects the parent’s meaning every time in MSILM.
In the results of Kirby’s ILM, the mean value of expressivity, number of grammar rules
and language distance are 99.32%, 23.98 and 0.098, respectively. After then, we compared
simulation result in three inference strategies which are Random, IMSB and PMSB. IMSB
and PMSB are inference strategies based on the symmetry bias, meanwhile, Random is
the strategy of random selection.
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Figure 3.15: MSILM Number of Grammar Rules

Figure 3.16: MSILM Language Distance
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Figure 3.17: MSILM Percentage of Correct Meanings

In the results of the experiments, the effectiveness of IMSB for language evolution in
real world is indicated. In this study, we incorporated the problem of joint attention frame
with the computational simulation model, and evaluated the way which we assumed it
more human-like in MSILM. As the results of the simulations, IMSB shows that an agent’s
language changes to more learnable language in the past generation. And, the results of
PMSB and Random show that an agent’s language does not occur language evolution. In
the condition with the joint attention frame, viz., is difficult to promote language evolu-
tion, an agent’s language evolves into learnable and compositional language on an IMSB
experiment. Therefore, IMSB accelerates language evolution whereas PMSB disturbs
language evolution in spite of some improvement of selecting the parent’s meaning.

Depending on the implementation of the symmetry bias, its effect derives different
results on language evolution. IMSB showed a positive effect, and PMSB showed a nega-
tive effect. On machine learning, IMSB is expected to solve a problem like joint attention
frame, e.g., application to human-robot interaction system.
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Chapter 4

Extension of Iterated Learning to
Music Analysis

4.1 Finding the Grammar of Music

It is generally accepted that the origin of language and that of music are one and the
same [45, 1]; we employ throat to utter or to sing, and ears to hear, and furthermore we
are said to use the same parts of our brain to parse them. We say birds sing, but this is
only a metaphor; in most of the species among birds only male birds utter languages to
woo female birds to bear descendants

Thus far, many linguists and musicologists, as well as computer scientists, have tried
to find a grammar structure in music [50, 48, 40, 13, 14]. Some of them are successful
enough to analyze certain genre of music, e.g., we can find the rules of chord progression
in context-free grammar for early classicist music. Among which, the approach from the
GTTM[11, 15, 29, 33] seems worth noting, employing the viewpoint of Chomsky hierarchy
of tree structure. However, as many musicologists would agree, the syntactic rule for music
is quite loose compared with languages and is easy to change rules. Furthermore, the
history of music has devoted to deviate from the old tradition, to tolerate freer framework.
Therefore, it seems less fruitful for us to fix a certain class of formal language, which
plausibly lies between CFG and CSG (Context-Sensitive Grammar) in Chomsky hierarchy,
in music.

In traditional linguistics, the main stream has been set to distinguish the theory of
syntax and that of semantics, aside from phonetics and pragmatics. We regard that the
discussion on what is the meaning of music is beyond the current scope; instead, we
consider that the tree structure owes a part of what we call meaning. Also, we contend
that the syntax is the universal generative faculty of human beings, that is the source of
expressive power common in language, mathematics, morality, and music.

Cope has discussed in [8, 9] the creativity by computers, in which he has claimed that
human is biased to degrade the computer music only because they are composed by the
computer. Again, we would avoid the discussion on what is the creativity, but we simply
try to make the computer compose music in a quite näıve sense, disregarding its quality.

In this paper, we assume that the progression rules of music are in a subclass of context-
free language, and we let computers find them autonomously. We employ the Iterated
Learning Model (ILM) by Simon Kirby[30]. The research questions of us are two-fold; the
first is if the computer can find a music knowledge that is common to us without listening
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to music. The second is if the computers can compose music independently of the music
knowledge, that is familiar to us.

4.2 Music Analysis Iterated Learning Model

A model which we propose has two important features. One is importing categorial level
into the model. This is to express categorial equivalence between different meanings like
hyponymy and hypernymy. The other is that there is no restriction on the number of
arguments and variety of meanings. Number of arguments and variety of meanings are
dynamically increased by learning of input data. In this model, a meaning is defined by
agent’s self. These features implement an unlimited hierarchical compositional meaning
which has recursion. It is different from ILM which is using predefined meanings (PAS).

Categorial Level

We employ a set of attributes as an interpretation of a meaning “mi
I” as follows.

Ex. mi
I = {〈measure〉 , 〈I/F 〉 , 〈F 〉}

This interpretation means that mi is a measure in a piece of music which has a chord “F”
and a chord with represented by tonal “I/F” (“mi is a 〈measure〉” ∧ “mi is a 〈F 〉” ∧
“mi is a 〈I/F 〉”).

We define three operations (∩,∪,−) for interpretation of a meaning.

mi
I ∩mj

I =
{
x|x ∈ mi

I ∧ x ∈ mj
I}

mi
I ∪mj

I =
{
x|x ∈ mi

I ∨ x ∈ mj
I}

mi
I −mj

I =
{
x|x ∈ mi

I ∧ x /∈ mj
I}

Operation ∩, ∪ are the same as set theory. Operation ‘−’ is a calculation of difference,
and explained by A\B in set theory (A = mi

I , B = mj
I). The interpretation of a new

meaning is defined by these operation in learning.

Extension of Expression of Meanings

In ILM, a predefined meaning formed into PAS enables to map between a meaning and a
symbol string in knowledge. We define syntax for a meaning to express unlimited meaning
as follows.
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Chapter 4. Extension of Iterated Learning to Music Analysis

� �
“p (ε)” and “p (args, ε)” is represented by “p” and “p (args)” as an abbreviation re-
spectively.

φ ::= p (args)

args ::= φ | φ, args | ε
(Comma“,” is a part of syntax.)

Ex. m1 (m2 (m3,m4 (m5) ,m6) ,m7 (m8))
p is an atomic meaning.

φ′ ::= p (args′)

args′ ::= x′ | x′, args′

x is a variable.� �
We call φ a meaning and φ represents a combination of grammar rules and categorial
meaning. φ′ represents a variable expression in a rule. Each variable matches φ.

A size of meaning sequence |φ| is defined as follows.

Ex. |φ| = |p (args)| = |p (φ, · · · )| = 〈number of φ〉
|m1 (m2 (m3,m4 (m5) ,m6) ,m7 (m8))| = 2

|m2 (m3,m4 (m5) ,m6)| = 3

A size of φ is defined by learning, and possible to be any number. It implies that the
structure of a meaning is un-predefined in our model.

A predefined meaning in ILM is represented by an extended expression in our model
(4.1). In the following equation, mi denotes unclear meanings of sentence and structure
of PAS (The PAS needs three arguments.).

like (mary, john) ⊆ mi (like,mary, john) (4.1)

Application of Extensions to LCFG

We employed a categorial level and unlimited recursion in meaning structure. The gram-
mar specification is as follows.
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4.2. Music Analysis Iterated Learning Model

� �
Extended Labeled Context Free Grammar G′

G′ = (N, T,Ma, Va, P, S)

N : Non-terminal symbols

T : Terminal symbols

Ma : Atomic meanings

Va : Atomic variables

M : Meanings formed into φ′, p ∈Ma, x ∈ Va
P : A set of rules

α→ β (α ∈ N ×M,β ∈ ((N × Va) ∪ T )+)

S : Start non-terminal symbol S ∈ N

Number of variables in α must be number of (N × V ) in β.� �
Ma and Va are not predefined and what an agent creates through learning. Therefore,

size of M is possible to be infinite because syntax φ has recursion.

Extension of Learning

In ILM, after an agent has accepted a certain number of utterances, she tries to build
a new set of generation rules. There are three operations chunk, merge, and replace
based on the generalized method. In the conventional ILM, a rule is applicable when a
pair of meaning and a part of a sequence of symbols in utterance matches. However, this
condition is still ambiguous because the same local sequence of symbols may own different
meanings. In our model, we define the applicable conditions by two interpretation of a
meaning. Extended LCFG rule in agent’s knowledge has the unique atomic meaning
respectively. Thus, although every rule can possess a different meaning from others, these
difference may not reflect the different sets of attributes. In our formalism, therefore, we
can understand the sameness of the attributes by the interpretation.

• Chunk

We supposes the conditions on chunk as follows.

ma
I ∩mb

I 6= ∅
m1
I = ma

I ∩mb
I

m2
I = ma

I −m1
I

m3
I = mb

I −m1
I

– For two no compositional rules

S/ma → CDCCDEF#GC

S/mb → CDCDEEF#GC

↓ chunk
S/m1 (x1)→ CDC N1/x1 EF#GC

N1/m2 → CD

N1/m3 → DE
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Chapter 4. Extension of Iterated Learning to Music Analysis

– For compositional rule and no compositional one

S/mb (x1)→ C#D N1/x1 F#GC#

S/ma → C#DCDEF#GC#

↓ chunk
S/m1, x1 → C#D N1/x1 F#GC#

N1/m2 → C#DE

– The diff of generalized strings has some non-terminal symbol.

S/ma (x1, x2)→ CD N1/x2 N2/x1

S/mb (x1, x2)→ CDCDE N3/x1

↓ chunk
S/m1 (x1)→ CD N4/x1

N4/m2 (x1, x2)→ N1/x2 N2/x1

N4/m3 (x1)→ CDE N3/x1

• Merge

We suppose the conditions on merge as follows.(
mi
I ⊇ mj

I) ∨ (mj
I ⊇ mi

I)
m1
I = ma

I ∪mb
I

– Merge two rules

S/m2 (x1, x2)→ N1/x1 E[FA N2/x2

N1/ma → CD

N1/m3 → AB[

N2/mb → CD

↓ merge
S/m2 (x1, x2)→ N3/x1 E[FA N3/x2

N3/m1 → CD

N3/m3 → AB[

– For start rule and not start rule

S/ma (x1, x2)→ N1/x1 E[FA N2/x2

N1/mb (x1, x2)→ N1/x1 E[FA N2/x2

↓ merge
S/m1 (x1, x2)→ N1/x1 E[FA N2/x2

• Replace

We suppose the conditions on replace as follows.

mi
I ⊇ mj

I

m1
I = ma

I −mb
I
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4.3. Subjective Meaning

– Replace a part of string in left side to the other rule.

S/ma → F#GCEDAF#

N1/mb → ED

↓ replace
S/m1 (x1)→ F#GC N1/x1 AF#

N1/mb → ED

– For two compositional rules

S/ma (x1)→ F#GC N1/x1 AF#

N2/mb (x2)→ F#GC N1/x2

↓ replace
S/m1 (x1)→ N2/x1 AF#

N2/mb (x2)→ F#GC N2/x2

4.3 Subjective Meaning

In our model, a unique label has each meaning independently. Therefore, when given a
label, a composition of music is represented by a straightforward sequence; the composite
label structure represents the tree directly, being different from other generative models
like deep learning or probabilistic CFG.

4.4 Procedural Generation of Music

In the following example, we can easily understand that m1 is the top node and has two
branches of m2 and m4(m1(· · · )).

• Target label: m1 (m2,m4 (m1 (m3,m5 (m2))))

Agent’s Knowledge

S/m1 (x1, x2)→ N1/x1 N2/x2

N1/m2 → F#GD

N1/m3 → CDC

N2/m4 (x3)→ F#GC S/x3

N2/m5 (x4)→ CD N1/x4
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Chapter 4. Extension of Iterated Learning to Music Analysis

Figure 4.1: Representation of parse tree in the case of section 4.4

S/m1 (x1, x2)→ N1/x1 N2/x2

S/m1 (m2, x2)→ F#GD N2/x2

S/m1 (m2,m4 (x3))→ F#GDF#GC S/x3

S/m1 (m2,m4 (m1 (x4, x5)))

→ F#GDF#GC N1/x4 N2/x5

S/m1 (m2,m4 (m1 (m3, x5)))

→ F#GDF#GCCDC N2/x5

S/m1 (m2,m4 (m1 (m3,m5 (x6))))

→ F#GDF#GCCDCCD N1/x6

S/m1 (m2,m4 (m1 (m3,m5 (m2))))

→ F#GDF#GCCDCCDF#GD

4.5 Parsing a Generated Sequence

We can calculate a tree structure if given a set of rules as expression of an utterance. For
example, when we get a set of rules as section 4.4, a tree is calculated as Figure 4.1.

4.6 Evaluation Method for Syntactic Structure

In natural language processing, when we evaluate the validity of the process, we compose
a parse tree of sentences and investigate if the tree reflects the adequate structure or not
because we believe the tree reflects the meaning of a sentence. In the similar way, we
consider the adequacy of the tree structure of music piece even though music does not
own explicit meaning like natural language.
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4.7. Experimental Result

However, in general, we may not be able to enumerate all the probable trees for a
given music piece since our LCFG has a property of recursion and the combination of
applicable generation rules can be infinite. In order to avoid this combinatorial explosion
of computational complexity of O (2n), we restrict the number of probable trees to one
for each music piece.

Based on the newly acquired generative rules, we can compose the exactly same music
since every generation process can be preserved in those rules. In addition, the new rules
compose a new piece of music. If we can record the history of the generation process, we
can detect how the new rules were applied differently from the original one; that is, the
original piece is decomposed by the rules and the each part is recomposed in a different
way. Then, we give an analysis system of the logs of composition.

A rule of agent’s learned knowledge has a condition that the order of variables in the
left-hand side is the same with one in the right-hand side. ma and mb are atomic meanings
before apply a learning method, m1, m2 and m3 are used in new rules. We can denote a
rewriting rule as follows.

args : x, y, z, x′, z′

ma,mb,m1,m2,m3 ∈M

• Chunk

ma (x, y, z)⇒ m1 (x,m2 (y) , z)

mb (x′, y, z′)⇒ m1 (x′,m3 (y) , z′)

• Merge

ma ⇒ m1

mb ⇒ m1

• Replace

ma (x, y, z)⇒ m1 (x,m2 (y) , z)

4.7 Experimental Result

We experimented to find grammar in the 25 études of Burgmüller (Figure 4.2). At first,
we divide each piece beat by beat, and we have grouped a set of notes in one beat. Then,
we translate a piece of music to a sequence of sets of simultaneously sounding notes, and,
an agent tries to find generative rules in these pieces.

In this translation process we have embedded the notion of measure. We have explicitly
defined that the sequence of a certain number of beats composes a measure (Figure 4.3),
giving a single atomic label on each as terminal symbols. Therefore, each rule which
represents a measure has four terminal symbols if the piece has four beats music.

A whole piece of music is represented by a rule with the start non-terminal symbol.
The rule has a string of non-terminal symbols in the right-hand side.
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Figure 4.2: Illustration of the Simulation

Figure 4.3: Translation of Measure to Symbol String

36



4.7. Experimental Result

Figure 4.4: Part of a Piece: Recursion to a stable chord in the 25 études of Burgmüller

Figure 4.5: Parse Tree: Recursion to a stable chord in the 25 études of Burgmüller

4.7.1 Detection of Music Knowledge

We got two salient results as follows by analyzing the parse tree of existing scores using
agent’s knowledge.

Progression to stable chord

In Figure 4.5, we can find the solution to a harmonic chord from a set of dissonant notes.
Figure 4.4 shows the first bar of Le Candeur of Burgmüller. The second beat includes a
passing note of D, but is resolved to C in the third beat. We can find a corresponding
generation rule that represents a progression from the dissonant to consonant chord.

Phrase detection

In early classicist music, the music phrase and motif is articulated by 4 bars, 8 bars, and
16 bars. La Candeur also suggests us the phrasing by 8 bars. Our rule has found that the
articulation after the 17-th bar after the first repetition consisting of eight-bars, though
we have not explicitly put the punctuation here (Figure 4.6, 4.7).
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Figure 4.6: Part of Piece: Phrase detection in the 25 études of Burgmüller

Figure 4.7: Parse Tree: Phrase detection in the 25 études of Burgmüller
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4.8. Usefulness of Self-organizing Meanings

Figure 4.8: Parce Tree: Creation of a piece

4.7.2 Composition of Music Score

After learning the generative rules, an agent can compose a piece of music. For an example,
Figure 4.8 is created by a learned agent.

4.8 Usefulness of Self-organizing Meanings

In this research, we have modified the ILM by Kirby, and have applied it to grammar
detection in music. We have chopped off the 25 études of Burgmüller by beat, and
have found the statistically plausible connections between them. Although many of those
nodes in tree, that are the categories of the syntax, seem redundant and futile, we still
found that some of them reflected the probable progression, which well matched with our
human intuition, e.g., the progression from a set of dissonant notes including suspension
or appoggiatura to a chordal set.

This experiment has several virtues compared with other grammar-based formalism
for music. One is that we do not need to provide a dictionary beforehand. The other
is that we can exclude the human-biased intuition, which had hindered the definition of
creativity.
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Chapter 5

Conclusions and Further Directions

5.1 Achievement

We showed the evaluation of the language distance between two language knowledge,
and verified the language distance in ILM. We have evaluated the language distance by
the mean of expressivity and the number of rules. And furthermore, We would have
accelerated the simulation in ILM using the clipped utterances. The evaluations with the
clipped utterances were the same as one without it.

We investigated language evolution in ambiguous environment using symmetry bias.
According to our result, the aspect of linguistic evolution depends on the implementation
of symmetry bias. PMSB which is one of implementation of symmetry bias disturbs
language evolution, moreover IMSB which is another implementation of symmetry bias
accelerates language evolution.

We applied the ILM to music to analyze music scores, employing the methodology
to self-organize a meaning. We obtained the parse trees of music score, and analyzed
the parse trees manually. As a result of the experiment, we have found several mean-
ingful nodes (rules); a progression from dissonant chord to harmonic chord, or dominant
motion (V-I), but still there are many meaningless rules.

5.2 Further Directions

We would like to claim that the three operations of ILM, viz., chunk, merge, and replace,
are quite human-like language process. However, in order to verify this, we need to
conduct laboratory experiments, with a more realistic situation.

We extended the ILM to ambiguous environment such as music scores. A further
direction of our model will be machine learning for general symbolic strings, e.g., the au-
tomatic generation for a parser of programming languages, the analysis of undeciphered
documents like Voynich manuscript[19]. In our model of Chapter 4, we do not need the
predefined meanings and meaning structure, and they will be self-organized correspond-
ing to the learned results. The model can find the structure of syntax and meanings,
independent of the parameters given by the experimenter.
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Appendix A

The Implementation of Chunk,
Merge, Replace (C++)

boo l Knowledge : : l e a r n i n g l o o p ( vo id ) {
boo l f l a g = t r ue ;
s t d : : a r r ay<i n t , LEARNING TYPE : : ALL METHOD> ar , tmp ;
s t d : : i o t a ( s t d : : b eg i n ( a r ) , s t d : : end ( a r ) , 0 ) ;
i f (LOGGING FLAG) LogBox : : p u s h l o g ( ”\n\n ! ! LEARNING ! ! ” ) ;
wh i l e ( f l a g ) {

f l a g = f a l s e ;
tmp = ar ;
s t d : : s h u f f l e ( s t d : : b eg i n ( tmp ) , s t d : : end ( tmp ) ,

MT19937 : : i g e n ) ;
s t d : : f o r e a c h ( s t d : : b eg i n ( tmp ) , s t d : : end ( tmp ) ,

[ t h i s , &f l a g ] ( i n t i ) {
sw i t ch ( i ) {

case LEARNING TYPE : :CHUNK: {
f l a g = chunk ( ) | | f l a g ;
break ;

}
case LEARNING TYPE : :MERGE: {

i f ( ( f l a g = merge ( ) | | f l a g ) ) {
un ique ( i n pu t bo x ) ;

}
break ;

}
case LEARNING TYPE : : REPLACE : {

f l a g = r e p l a c e ( ) | | f l a g ;
break ;

}
d e f a u l t :

s t d : : c e r r << ” Lea rn i ng Type E r r o r ”
<< s t d : : e nd l ;

e x i t ( 1 ) ;
}
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} ) ;

i f (LOGGING FLAG) {
LogBox : : r e f r e s h l o g ( ) ;

}
}

i f (LOGGING FLAG) {
LogBox : : p u s h l o g ( ”\n\n ! ! LEARNING FIN ! ! ” ) ;
LogBox : : p u s h l o g ( ”Knowledge S i z e : ” +

s td : : t o s t r i n g ( ruleDB . s i z e ( ) +
b o x b u f f e r . s i z e ( ) +
i npu t bo x . s i z e ( ) ) ) ;

}

send db ( i n pu t bo x ) ;
un ique ( ruleDB ) ;

i f ( b o x b u f f e r . s i z e ( ) != 0) {
s t d : : c e r r << ” S t i l l r ema i n i ng data ( b o x b u f f e r ) : ”

<< b o x b u f f e r . s i z e ( ) << s t d : : e nd l ;
e x i t ( 1 ) ;

}
i f ( i n pu t bo x . s i z e ( ) != 0) {

s t d : : c e r r << ” S t i l l r ema i n i ng data ( i n pu t bo x ) : ”
<< i n pu t bo x . s i z e ( ) << s t d : : e nd l ;

e x i t ( 1 ) ;
}
b u i l d w o r d i n d e x ( ) ;

r e t u r n t r ue ;
}

boo l Knowledge : : chunk ( vo id ) {
s t d : : s h u f f l e ( s t d : : b eg i n ( i n pu t bo x ) , s t d : : end ( i n pu t bo x ) ,

MT19937 : : i g e n ) ;
boo l i s c h unk ed ;
RuleDBType : : i t e r a t o r i t ;
wh i l e ( ( i t = s td : : b eg i n ( i n pu t bo x ) ) !=

s td : : end ( i n pu t bo x ) ) {
Rule r = ∗ i t ;
i n pu t bo x . e r a s e ( i t ) ;
i s c h unk ed = chunk i ng l o op ( r , ruleDB ) ;
i f ( ! i s c h unk ed )

i s c hunk ed =
i s c hunk ed | | chunk i n g l o op ( r , b o x b u f f e r ) ;

i f ( i s c hunk ed ) {
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break ;
} e l s e {

b o x b u f f e r . push back ( r ) ;
}

}
send box ( b o x b u f f e r ) ;

r e t u r n i s c h unk ed ;
}

boo l Knowledge : : c hunk i n g l o op ( Rule &unchecked sen t ,
RuleDBType &c h e c k e d r u l e s ) {

RuleDBType b u f f e r ;
boo l i s c h unk ed = f a l s e ;
auto i t = s td : : b eg i n ( c h e c k e d r u l e s ) ;
wh i l e ( ! i s c h unk ed && i t != s td : : end ( c h e c k e d r u l e s ) ) {

Rule r = ∗ i t ;
b u f f e r . c l e a r ( ) ;
b u f f e r = chunk ing ( unchecked sen t , r ) ;
i f ( b u f f e r . s i z e ( ) == 0) {

i t ++;
} e l s e {

i f (LOGGING FLAG) {
LogBox : : p u s h l o g ( ”\n−−>>CHUNK: ” ) ;
LogBox : : p u s h l o g ( ”∗∗FROM” ) ;
LogBox : : p u s h l o g ( unchecked s en t . t o s ( ) ) ;
LogBox : : p u s h l o g ( r . t o s ( ) ) ;
LogBox : : p u s h l o g ( ”∗∗TO” ) ;
s t d : : f o r e a c h ( s t d : : b eg i n ( b u f f e r ) , s t d : : end ( b u f f e r ) ,

[ ] ( Ru le &temp ) {
LogBox : : p u s h l o g ( temp . t o s ( ) ) ;

} ) ;
LogBox : : p u s h l o g ( ”<<−−CHUNK” ) ;

}
send box ( b u f f e r ) ;
c h e c k e d r u l e s . e r a s e ( i t ) ;
i s c h unk ed = t r ue ;
break ;

}
}
r e t u r n i s c h unk ed ;

}

Knowledge : : RuleDBType Knowledge : : chunk ing ( Rule &s rc ,
Ru le &ds t ) {

enum CHUNK TYPE { UNABLE = 0 , TYPE1 , TYPE2 } ;
RuleDBType buf ;
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boo l mu l t i c a t ;
i f ( s r c . g e t i n t e r n a l ( ) . g e t c a t ( ) !=

ds t . g e t i n t e r n a l ( ) . g e t c a t ( ) ) {
i f ( i n t e n t i o n . chunk equa l (

s r c . g e t i n t e r n a l ( ) . g e t b a s e ( ) ,
d s t . g e t i n t e r n a l ( ) . g e t b a s e ( ) ) ) {

mu l t i c a t = t r ue ;
} e l s e {

r e t u r n buf ;
}

}

i n t fma t ch l e ng t h = 0 ;
f o r ( auto s r c i t = s r c . g e t e x t e r n a l ( ) . b eg i n ( ) ,

d s t i t = ds t . g e t e x t e r n a l ( ) . b eg i n ( ) ;
s r c i t != s r c . g e t e x t e r n a l ( ) . end ( ) &&
d s t i t != ds t . g e t e x t e r n a l ( ) . end ( ) &&
∗ s r c i t == ∗ d s t i t ;
fma t ch l e ng t h++, s r c i t ++, d s t i t++) {

}

i n t rma t ch l e ng th = 0 ;
f o r ( auto s r c r i t = s r c . g e t e x t e r n a l ( ) . r b e g i n ( ) ,

d s t r i t = ds t . g e t e x t e r n a l ( ) . r b e g i n ( ) ;
s r c r i t != s r c . g e t e x t e r n a l ( ) . r end ( ) &&
d s t r i t != ds t . g e t e x t e r n a l ( ) . r end ( ) &&
∗ s r c r i t == ∗ d s t r i t ;
rma t ch l e ng th++, s r c r i t ++, d s t r i t ++) {

}

i f ( fma t ch l e ng t h + rma t ch l e ng th == 0 | |
fma t ch l e ng t h + rma t ch l e ng th >=

s r c . g e t e x t e r n a l ( ) . s i z e ( ) | |
fma t ch l e ng t h + rma t ch l e ng th >=

ds t . g e t e x t e r n a l ( ) . s i z e ( ) )
r e t u r n buf ;

CHUNK TYPE chunk type = UNABLE;
Rule base , t a r g ;
s t d : : v e c to r<SymbolElement> noun1 ex , noun2 ex ;
s t d : : copy (

s t d : : nex t ( s r c . g e t e x t e r n a l ( ) . b eg i n ( ) , fma t ch l e ng t h ) ,
s t d : : p r ev ( s r c . g e t e x t e r n a l ( ) . end ( ) , rma t ch l e ng th ) ,
s t d : : b a c k i n s e r t e r ( noun1 ex ) ) ;

s t d : : copy (
s t d : : nex t ( d s t . g e t e x t e r n a l ( ) . b eg i n ( ) , fma t ch l e ng t h ) ,
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s t d : : p r ev ( d s t . g e t e x t e r n a l ( ) . end ( ) , rma t ch l e ng th ) ,
s t d : : b a c k i n s e r t e r ( noun2 ex ) ) ;

i f ( noun1 ex . s i z e ( ) == 1 &&
noun1 ex . f r o n t ( ) . t ype ( ) == ELEM TYPE : : NT TYPE) {

i f ( noun2 ex . s i z e ( ) == 1 &&
noun2 ex . f r o n t ( ) . t ype ( ) == ELEM TYPE : : NT TYPE) {

r e t u r n buf ;
} e l s e {

// b a s e =s rc , t a r g=ds t
base = s r c ;
t a r g = ds t ;
chunk type = TYPE2 ;

}
} e l s e {

i f ( noun2 ex . s i z e ( ) == 1 &&
noun2 ex . f r o n t ( ) . t ype ( ) == ELEM TYPE : : NT TYPE) {

base = ds t ;
t a r g = s r c ;
chunk type = TYPE2 ;
noun1 ex . swap ( noun2 ex ) ;

} e l s e {
base = s r c ;
t a r g = ds t ;
chunk type = TYPE1 ;

}
}
sw i t ch ( chunk type ) {

case TYPE1 : {
i n t n ew ca t i d ; // ca t e go r y
i n t n ew va r i d ; // v a r i a b l e
i n t n ew s e n t i n d i d 1 ; // i d
i n t n ew s e n t i n d i d 2 ; // i d
i n t n ew i nd i d 1 ; // i d
i n t n ew i nd i d 2 ; // i d

// g en e r a t e
n ew ca t i d = c a t i n d e x e r . g en e r a t e ( ) ;
n ew va r i d = v a r i n d e x e r . g e n e r a t e ( ) ;
n ew s e n t i n d i d 1 = i n d i n d e x e r . g en e r a t e ( ) ;
n ew s e n t i n d i d 2 = i n d i n d e x e r . g en e r a t e ( ) ;
n ew i nd i d 1 = i n d i n d e x e r . g e n e r a t e ( ) ;
n ew i nd i d 2 = i n d i n d e x e r . g e n e r a t e ( ) ;

s t d : : l i s t <MeaningElement> v a r v e c t o r 1 , v a r v e c t o r 2 ;

s t d : : f o r e a c h (
s t d : : b eg i n ( noun1 ex ) , s t d : : end ( noun1 ex ) ,
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[& d s i z e , &v a r v e c t o r 1 ] ( SymbolElement &se ) {
i f ( se . t ype ( ) == ELEM TYPE : : NT TYPE) {

MeaningElement mel =
se . get<RightNonte rm ina l >() . g e t v a r ( ) ;

v a r v e c t o r 1 . push back ( mel ) ;
d s i z e++;

}
} ) ;

s t d : : f o r e a c h (
s t d : : b eg i n ( noun2 ex ) , s t d : : end ( noun2 ex ) ,
[& e s i z e , &v a r v e c t o r 2 ] ( SymbolElement &se ) {

i f ( se . t ype ( ) == ELEM TYPE : : NT TYPE) {
MeaningElement mel =

se . get<RightNonte rm ina l >() . g e t v a r ( ) ;
v a r v e c t o r 2 . push back ( mel ) ;
e s i z e++;

}
} ) ;

// noun1
Rule noun1 ( Le f tNon t e rm i na l ( Category ( n ew ca t i d ) ,

Meaning (AMean( n ew i nd i d 1 ) ,
v a r v e c t o r 1 ) ) ,

noun1 ex ) ;
// noun2
Rule noun2 ( Le f tNon t e rm i na l ( Category ( n ew ca t i d ) ,

Meaning (AMean( n ew i nd i d 2 ) ,
v a r v e c t o r 2 ) ) ,

noun2 ex ) ;

// i n s e r t
s t d : : f o r e a c h (

s t d : : b eg i n ( t a r g . g e t e x t e r n a l ( ) ) ,
s t d : : nex t ( s t d : : b eg i n ( t a r g . g e t e x t e r n a l ( ) ) ,

fma t ch l e ng t h ) ,
[& i n p o s ] ( SymbolElement &s e l ) {

i f ( s e l . t ype ( ) == ELEM TYPE : : NT TYPE) {
i n p o s++;

}
} ) ;

i n p o s++;

Meaning new meaning =
base . g e t i n t e r n a l ( ) . get means ( ) . r e p l a c e d (

i n po s , d s i z e , V a r i a b l e ( n ew va r i d ) ) ;
new meaning = new meaning . r e p l a c e d (
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0 , 1 , Meaning (AMean( n ew s e n t i n d i d 1 ) ) ) ;
s t d : : v e c to r<SymbolElement> v e c s e l ;
s t d : : copy n ( s t d : : b eg i n ( base . g e t e x t e r n a l ( ) ) ,

fma tch l eng th ,
s t d : : b a c k i n s e r t e r ( v e c s e l ) ) ;

v e c s e l . push back ( R igh tNonte rm ina l (
Category ( n ew ca t i d ) , V a r i a b l e ( n ew va r i d ) ) ) ;

s t d : : copy ( s t d : : p r ev ( s t d : : end ( base . g e t e x t e r n a l ( ) ) ,
rma t ch l e ng th ) ,

s t d : : end ( base . g e t e x t e r n a l ( ) ) ,
s t d : : b a c k i n s e r t e r ( v e c s e l ) ) ;

Ru le s en t { Le f tNon t e rm i na l {
Category { base . g e t i n t e r n a l ( ) . g e t c a t ( )} ,
new meaning } ,

v e c s e l } ;
Ru le s en t2 ;
i f ( mu l t i c a t ) {

s en t2 = Rule {
Le f tNon t e rm i na l {

Category { t a r g . g e t i n t e r n a l ( ) . g e t c a t ( )} ,
new meaning . r e p l a c e d (

0 , 1 ,
Meaning (AMean( n ew s e n t i n d i d 2 ) ) )} ,

v e c s e l } ;
}
buf . push back ( s en t ) ;
i f ( mu l t i c a t ) {

buf . push back ( s en t2 ) ;
}
buf . push back ( noun1 ) ;
buf . push back ( noun2 ) ;

i n t e n t i o n . chunk (
base . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
t a r g . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
s e n t . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
s en t2 . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
noun1 . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
noun2 . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
i n po s , d s i z e , e s i z e , chunk type ) ;

break ;
}

case TYPE2 : {
i n t n ew i n d i d t a r g ;
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i n t n ew s e n t i n d i d 1 ;
i n t n ew s e n t i n d i d 2 ;

// gen e r a t e
n ew s e n t i n d i d 1 = i n d i n d e x e r . g en e r a t e ( ) ;
n ew s e n t i n d i d 2 = i n d i n d e x e r . g en e r a t e ( ) ;
n ew i n d i d t a r g = i n d i n d e x e r . g e n e r a t e ( ) ;

s t d : : l i s t <MeaningElement> v a r v e c t o r ;

// v a r v e c t o r
s t d : : f o r e a c h (

s t d : : b eg i n ( noun2 ex ) , s t d : : end ( noun2 ex ) ,
[& d s i z e , &v a r v e c t o r ] ( SymbolElement &se ) {

i f ( se . t ype ( ) == ELEM TYPE : : NT TYPE) {
v a r v e c t o r . push back ( V a r i a b l e (

se . get<RightNonte rm ina l >() . g e t v a r ( ) ) ) ;
d s i z e++;

}
} ) ;

// noun
Rule noun (

Le f tNon t e rm i na l (
Category {Righ tNonte rm ina l (

noun1 ex . f r o n t ( )
. get<RightNonte rm ina l >())

. g e t c a t ( )} ,
Meaning (AMean( n ew i n d i d t a r g ) , v a r v e c t o r ) ) ,

noun2 ex ) ;
Ru le s en t {

Le f tNon t e rm i na l (
Category { base . g e t i n t e r n a l ( ) . g e t c a t ( )} ,
Meaning{

AMean( n ew s e n t i n d i d 1 ) ,
base . g e t i n t e r n a l ( ) . g e t f o l l o w i n g s ( )} ) ,

base . g e t e x t e r n a l ( ) } ;
Ru le s en t2 ;
i f ( mu l t i c a t ) {

s en t2 = Rule {
Le f tNon t e rm i na l {

Category { t a r g . g e t i n t e r n a l ( ) . g e t c a t ( )} ,
Meaning{

AMean( n ew s e n t i n d i d 2 ) ,
s e n t . g e t i n t e r n a l ( ) . g e t f o l l o w i n g s ( )}} ,

base . g e t e x t e r n a l ( ) } ;
}
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buf . push back ( s en t ) ;
i f ( mu l t i c a t ) {

buf . push back ( s en t2 ) ;
}
buf . push back ( noun ) ;

// i n s e r t
s t d : : f o r e a c h (

s t d : : b eg i n ( t a r g . g e t e x t e r n a l ( ) ) ,
s t d : : nex t ( s t d : : b eg i n ( t a r g . g e t e x t e r n a l ( ) ) ,

fma t ch l e ng t h ) ,
[& i n p o s ] ( SymbolElement &s e l ) {

i f ( s e l . t ype ( ) == ELEM TYPE : : NT TYPE) {
i n p o s++;

}
} ) ;

i n p o s++;

i n t e n t i o n . chunk (
t a r g . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
base . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
s e n t . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
s en t2 . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
noun . g e t i n t e r n a l ( ) . get means ( ) . g e t b a s e ( ) ,
AMean ( ) , i n po s , d s i z e , e s i z e , chunk type ) ;

break ;
}
d e f a u l t :

s t d : : c e r r << ”CHUNK PROC ERROR” << s t d : : e nd l ;
throw ”CHUNK PROC ERROR” ;

}

r e t u r n buf ;
}

boo l Knowledge : : merge ( vo id ) {
s t d : : s h u f f l e ( s t d : : b eg i n ( i n pu t bo x ) , s t d : : end ( i n pu t bo x ) ,

MT19937 : : i g e n ) ;
boo l i s me r g ed ;
RuleDBType : : i t e r a t o r i t ;
wh i l e ( ( i t = s td : : b eg i n ( i n pu t bo x ) ) !=

s td : : end ( i n pu t bo x ) ) {
Rule r = ∗ i t ;
i n pu t bo x . e r a s e ( i t ) ;
i s me r g ed = merg ing ( r ) ;
i f ( i s me r g ed ) {
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break ;
} e l s e {

b o x b u f f e r . push back ( r ) ;
}

}
send box ( b o x b u f f e r ) ;

r e t u r n i s me r g ed ;
}

boo l Knowledge : : merg ing ( Rule &s r c ) {
RuleDBType buf , s ub bu f ;

s t d : : s e t<Category> u n i f i e d c a t ;
s t d : : s e t<AMean> un i f i e d mean ;

c o l l e c t m e r g e ( s r c , i npu t box , u n i f i e d c a t , u n i f i e d mean ) ;

c o l l e c t m e r g e ( s r c , ruleDB , u n i f i e d c a t , u n i f i e d mean ) ;

c o l l e c t m e r g e ( s r c , b o x bu f f e r , u n i f i e d c a t , u n i f i e d mean ) ;

i f ( u n i f i e d c a t . s i z e ( ) == 0 && un i f i e d mean . s i z e ( ) == 0) {
r e t u r n f a l s e ;

}

Category b a s e c a t { c a t i n d e x e r . g en e r a t e ( ) } ;
AMean base mean{ i n d i n d e x e r . g e n e r a t e ( ) } ;
u n i f i e d c a t . i n s e r t ( s r c . g e t i n t e r n a l ( ) . g e t c a t ( ) ) ;
u n i f i e d mean . i n s e r t ( s r c . g e t i n t e r n a l ( ) . g e t b a s e ( ) ) ;
bu f . push back ( s r c ) ;

i f (LOGGING FLAG)
LogBox : : p u s h l o g ( ”MEAN base r u l e ” + s r c . t o s ( ) ) ;

me rg e mean p ro c bu f f e r ( base mean , buf , u n i f i e d mean ) ;

i f (LOGGING FLAG)
LogBox : : p u s h l o g ( ”MEAN inpu t bo x ” + s r c . t o s ( ) ) ;

s ub bu f =
merge mean proc ( base mean , i npu t box , un i f i e d mean ) ;

s t d : : copy ( s t d : : b eg i n ( s ub bu f ) , s t d : : end ( sub bu f ) ,
s t d : : b a c k i n s e r t e r ( buf ) ) ;

s ub bu f . c l e a r ( ) ;
i f (LOGGING FLAG)

LogBox : : p u s h l o g ( ”MEAN ruleDB ” + s r c . t o s ( ) ) ;
s ub bu f =

merge mean proc ( base mean , ruleDB , un i f i e d mean ) ;
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s t d : : copy ( s t d : : b eg i n ( s ub bu f ) , s t d : : end ( sub bu f ) ,
s t d : : b a c k i n s e r t e r ( buf ) ) ;

s ub bu f . c l e a r ( ) ;
i f (LOGGING FLAG)

LogBox : : p u s h l o g ( ”MEAN bo x b u f f e r ” + s r c . t o s ( ) ) ;
s ub bu f =

merge mean proc ( base mean , b o x bu f f e r , u n i f i e d mean ) ;
s t d : : copy ( s t d : : b eg i n ( s ub bu f ) , s t d : : end ( sub bu f ) ,

s t d : : b a c k i n s e r t e r ( buf ) ) ;
s ub bu f . c l e a r ( ) ;

i n t e n t i o n . merge ( s r c . g e t i n t e r n a l ( ) . g e t b a s e ( ) ,
un i f i e d mean , base mean ) ;

i f (LOGGING FLAG)
LogBox : : p u s h l o g ( ”CAT p r o c e s s e d about MEAN ” +

s r c . t o s ( ) ) ;
m e r g e c a t p r o c b u f f e r ( ba s e ca t , buf , u n i f i e d c a t ) ;

i f (LOGGING FLAG)
LogBox : : p u s h l o g ( ”CAT i npu t bo x ” + s r c . t o s ( ) ) ;

s ub bu f =
me rg e ca t p r o c ( ba s e ca t , i npu t box , u n i f i e d c a t ) ;

s t d : : copy ( s t d : : b eg i n ( s ub bu f ) , s t d : : end ( sub bu f ) ,
s t d : : b a c k i n s e r t e r ( buf ) ) ;

s ub bu f . c l e a r ( ) ;
i f (LOGGING FLAG)

LogBox : : p u s h l o g ( ”CAT ruleDB ” + s r c . t o s ( ) ) ;
s ub bu f = me rg e ca t p r o c ( ba s e ca t , ruleDB , u n i f i e d c a t ) ;
s t d : : copy ( s t d : : b eg i n ( s ub bu f ) , s t d : : end ( sub bu f ) ,

s t d : : b a c k i n s e r t e r ( buf ) ) ;
s ub bu f . c l e a r ( ) ;
i f (LOGGING FLAG)

LogBox : : p u s h l o g ( ”CAT bo x b u f f e r ” + s r c . t o s ( ) ) ;
s ub bu f =

me rg e ca t p r o c ( ba s e ca t , b o x bu f f e r , u n i f i e d c a t ) ;
s t d : : copy ( s t d : : b eg i n ( s ub bu f ) , s t d : : end ( sub bu f ) ,

s t d : : b a c k i n s e r t e r ( buf ) ) ;
s ub bu f . c l e a r ( ) ;
s end box ( buf ) ;

i f (LOGGING FLAG) {
LogBox : : p u s h l o g ( ”<<−−MERGE” ) ;

}

r e t u r n t r ue ;
}
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vo id Knowledge : : c o l l e c t m e r g e (
Rule &s rc , RuleDBType &ru l e db ,
s t d : : s e t<Category> &un i f i e d c a t ,
s t d : : s e t<AMean> &un i f i e d mean ) {

s t d : : f o r e a c h (
s t d : : b eg i n ( r u l e d b ) , s t d : : end ( r u l e d b ) ,
[ t h i s , &s r c , &u n i f i e d c a t , &un i f i e d mean ] ( Ru le &r ) {

i f ( s r c . g e t e x t e r n a l ( ) == r . g e t e x t e r n a l ( ) &&
i n t e n t i o n . me rge equa l (

s r c . g e t i n t e r n a l ( ) . g e t b a s e ( ) ,
r . g e t i n t e r n a l ( ) . g e t b a s e ( ) ) ) {

i f ( s r c . g e t i n t e r n a l ( ) . g e t c a t ( ) !=
r . g e t i n t e r n a l ( ) . g e t c a t ( ) ) {

u n i f i e d c a t . i n s e r t (
Category { r . g e t i n t e r n a l ( ) . g e t c a t ( ) } ) ;

}
i f ( s r c . g e t i n t e r n a l ( ) . g e t b a s e ( ) !=

r . g e t i n t e r n a l ( ) . g e t b a s e ( ) ) {
un i f i e d mean . i n s e r t (

AMean{ r . g e t i n t e r n a l ( ) . g e t b a s e ( ) } ) ;
}

}
} ) ;

}

vo id Knowledge : : m e r g e c a t p r o c b u f f e r (
const Category &base ca t , RuleDBType &bu f f e r ,
s t d : : s e t<Category> &u n i f i e d c a t ) {

s t d : : f o r e a c h (
s t d : : b eg i n ( b u f f e r ) , s t d : : end ( b u f f e r ) ,
[& ba s e ca t , &u n i f i e d c a t ] ( Ru le &r ) {

Rule tmp = r ;
boo l i s m o d i f i e d = f a l s e ;
i f ( u n i f i e d c a t . f i n d ( r . g e t i n t e r n a l ( ) . g e t c a t ( ) ) !=

s td : : end ( u n i f i e d c a t ) ) {
r . g e t i n t e r n a l ( ) =

Le f tNon t e rm i na l {Category { ba s e c a t } ,
r . g e t i n t e r n a l ( ) . get means ( ) } ;

i s m o d i f i e d = i s m o d i f i e d | | t r ue ;
}
s t d : : f o r e a c h (

s t d : : b eg i n ( r . g e t e x t e r n a l ( ) ) ,
s t d : : end ( r . g e t e x t e r n a l ( ) ) ,
[& ba s e ca t , &u n i f i e d c a t ,
&i s m o d i f i e d ] ( SymbolElement &s e l ) {
i f ( s e l . t ype ( ) == ELEM TYPE : : NT TYPE &&
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u n i f i e d c a t . f i n d (
s e l . get<RightNonte rm ina l >()

. g e t c a t ( ) ) !=
s td : : end ( u n i f i e d c a t ) ) {

s e l = R igh tNonte rm ina l {
Category { ba s e c a t } ,
s e l . get<RightNonte rm ina l >() . g e t v a r ( ) } ;

i s m o d i f i e d = t r ue ;
}

} ) ;
i f ( i s m o d i f i e d && LOGGING FLAG) {

LogBox : : p u s h l o g ( ”CAT MERGE−> ” + tmp . t o s ( ) ) ;
LogBox : : p u s h l o g ( ”CAT MERGE<− ” + r . t o s ( ) ) ;

}
} ) ;

}
Knowledge : : RuleDBType Knowledge : : me r g e ca t p r o c (

const Category &base ca t , RuleDBType &DB,
s td : : s e t<Category> &u n i f i e d c a t ) {

RuleDBType buf , swapDB ;
s t d : : f o r e a c h (

s t d : : b eg i n (DB) , s t d : : end (DB) ,
[& bas e ca t , &u n i f i e d c a t , &buf , &swapDB ] ( Rule &r ) {

Rule tmp = r ;
boo l i s m o d i f i e d = f a l s e ;
i f ( u n i f i e d c a t . f i n d ( r . g e t i n t e r n a l ( ) . g e t c a t ( ) ) !=

s td : : end ( u n i f i e d c a t ) ) {
r . g e t i n t e r n a l ( ) =

Le f tNon t e rm i na l {Category { ba s e c a t } ,
r . g e t i n t e r n a l ( ) . get means ( ) } ;

i s m o d i f i e d = t r ue ;
}
s t d : : f o r e a c h (

s t d : : b eg i n ( r . g e t e x t e r n a l ( ) ) ,
s t d : : end ( r . g e t e x t e r n a l ( ) ) ,
[& ba s e ca t , &u n i f i e d c a t ,
&i s m o d i f i e d ] ( SymbolElement &s e l ) {
i f ( s e l . t ype ( ) == ELEM TYPE : : NT TYPE &&

u n i f i e d c a t . f i n d (
s e l . get<RightNonte rm ina l >()

. g e t c a t ( ) ) !=
s td : : end ( u n i f i e d c a t ) ) {

s e l = R igh tNonte rm ina l {
Category { ba s e c a t } ,
s e l . get<RightNonte rm ina l >() . g e t v a r ( ) } ;

i s m o d i f i e d = t r ue ;
}
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} ) ;
i f ( i s m o d i f i e d ) {

i f (LOGGING FLAG) {
LogBox : : p u s h l o g ( ”CAT MERGE−> ” + tmp . t o s ( ) ) ;
LogBox : : p u s h l o g ( ”CAT MERGE<− ” + r . t o s ( ) ) ;

}
buf . push back ( r ) ;

} e l s e {
swapDB . push back ( r ) ;

}
} ) ;

DB. swap ( swapDB ) ;

r e t u r n buf ;
}
vo id Knowledge : : me rg e mean p ro c bu f f e r (

const AMean &base mean , RuleDBType &bu f f e r ,
s t d : : s e t<AMean> &un i f i e d mean ) {

s t d : : f o r e a c h (
s t d : : b eg i n ( b u f f e r ) , s t d : : end ( b u f f e r ) ,
[&base mean , &un i f i e d mean ] ( Ru le &r ) {

Rule tmp = r ;
boo l i s m o d i f i e d = f a l s e ;
i f ( un i f i e d mean . f i n d (

r . g e t i n t e r n a l ( ) . g e t b a s e ( ) ) !=
s td : : end ( un i f i e d mean ) ) {

r . g e t i n t e r n a l ( ) = Le f tNon t e rm i na l {
r . g e t i n t e r n a l ( ) . g e t c a t ( ) ,
Meaning{AMean{base mean } ,

r . g e t i n t e r n a l ( ) . g e t f o l l o w i n g s ( ) } } ;
i s m o d i f i e d = t r ue ;

}
i f ( i s m o d i f i e d && LOGGING FLAG) {

LogBox : : p u s h l o g ( ”MEAN MERGE−> ” + tmp . t o s ( ) ) ;
LogBox : : p u s h l o g ( ”MEAN MERGE<− ” + r . t o s ( ) ) ;

}
} ) ;

}

Knowledge : : RuleDBType Knowledge : : merge mean proc (
const AMean &base mean , RuleDBType &DB,
s td : : s e t<AMean> &un i f i e d mean ) {

RuleDBType buf , swapDB ;
s t d : : f o r e a c h (

s t d : : b eg i n (DB) , s t d : : end (DB) ,
[&base mean , &un i f i e d mean , &buf , &swapDB ] ( Rule &r ) {

Rule tmp = r ;
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boo l i s m o d i f i e d = f a l s e ;
i f ( un i f i e d mean . f i n d (

r . g e t i n t e r n a l ( ) . g e t b a s e ( ) ) !=
s td : : end ( un i f i e d mean ) ) {

r . g e t i n t e r n a l ( ) = Le f tNon t e rm i na l {
r . g e t i n t e r n a l ( ) . g e t c a t ( ) ,
Meaning{AMean{base mean } ,

r . g e t i n t e r n a l ( ) . g e t f o l l o w i n g s ( ) } } ;
i s m o d i f i e d = t r ue ;

}
i f ( i s m o d i f i e d ) {

i f (LOGGING FLAG) {
LogBox : : p u s h l o g ( ”MEAN MERGE−> ” + tmp . t o s ( ) ) ;
LogBox : : p u s h l o g ( ”MEAN MERGE<− ” + r . t o s ( ) ) ;

}
buf . push back ( r ) ;

} e l s e {
swapDB . push back ( r ) ;

}
} ) ;

DB. swap ( swapDB ) ;

r e t u r n buf ;
}

boo l Knowledge : : r e p l a c e ( vo id ) {
s t d : : s h u f f l e ( s t d : : b eg i n ( i n pu t bo x ) , s t d : : end ( i n pu t bo x ) ,

MT19937 : : i g e n ) ;
boo l i s r e p l a c e d ;
RuleDBType : : i t e r a t o r i t ;
wh i l e ( ( i t = s td : : b eg i n ( i n pu t bo x ) ) !=

s td : : end ( i n pu t bo x ) ) {
i f (LOGGING FLAG) {

LogBox : : p u s h l o g ( ”\n−−>>REPLACE” ) ;
}
Rule r = ∗ i t ;
i n pu t bo x . e r a s e ( i t ) ;
i s r e p l a c e d = r e p l a c i n g ( r , i n pu t bo x ) ;
i s r e p l a c e d = i s r e p l a c e d | | r e p l a c i n g ( r , b o x b u f f e r ) ;
i s r e p l a c e d = i s r e p l a c e d | | r e p l a c i n g ( r , ruleDB ) ;
i f ( i s r e p l a c e d ) {

i f (LOGGING FLAG) {
LogBox : : p u s h l o g ( ”USED WORD: ” ) ;
LogBox : : p u s h l o g ( r . t o s ( ) ) ;
LogBox : : p u s h l o g ( ”<<−−REPLACE” ) ;

}
send box ( r ) ;
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break ;
} e l s e {

i f (LOGGING FLAG) LogBox : : pop l og ( 1 ) ;
b o x b u f f e r . push back ( r ) ;

}
}
send box ( b o x b u f f e r ) ;

r e t u r n i s r e p l a c e d ;
}

boo l Knowledge : : r e p l a c i n g ( Rule &word ,
RuleDBType &c h e c k i n g s e n t s ) {

boo l i s r e p l a c e d = f a l s e ;
RuleDBType buf , swapDB ;
s t d : : b o y e r moo r e s e a r c h e r s ea r ch wo rd {

s t d : : b eg i n ( word . g e t e x t e r n a l ( ) ) ,
s t d : : end ( word . g e t e x t e r n a l ( ) ) } ;

s t d : : f o r e a c h (
s t d : : b eg i n ( c h e c k i n g s e n t s ) , s t d : : end ( c h e c k i n g s e n t s ) ,
[ t h i s , &word , &i s r e p l a c e d , &buf , &swapDB ,
&sea r ch wo rd ] ( Ru le &r ) {
i f ( r . g e t e x t e r n a l ( ) . s i z e ( ) >

word . g e t e x t e r n a l ( ) . s i z e ( ) &&
i n t e n t i o n . r e p l a c e e q u a l (

r . g e t i n t e r n a l ( ) . g e t b a s e ( ) ,
word . g e t i n t e r n a l ( ) . g e t b a s e ( ) ) ) {

auto i t = s td : : s e a r c h (
s t d : : b eg i n ( r . g e t e x t e r n a l ( ) ) ,
s t d : : end ( r . g e t e x t e r n a l ( ) ) , s e a r ch wo rd ) ;

i f ( i t != s td : : end ( r . g e t e x t e r n a l ( ) ) ) {
i f (LOGGING FLAG) {

LogBox : : p u s h l o g ( ”REPLACE−> ” + r . t o s ( ) ) ;
}
i n t new va r i d , new mean id ;
i n t b pos , b s i z e ;
b pos = b s i z e = 0 ;

n ew va r i d = v a r i n d e x e r . g en e r a t e ( ) ;
new mean id = i n d i n d e x e r . g e n e r a t e ( ) ;
s t d : : f o r e a c h (

s t d : : b eg i n ( word . g e t e x t e r n a l ( ) ) ,
s t d : : end ( word . g e t e x t e r n a l ( ) ) ,
[& b s i z e ] ( SymbolElement &se ) {

i f ( se . t ype ( ) == ELEM TYPE : : NT TYPE) {
b s i z e++;

}
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} ) ;
// i n s e r t
s t d : : f o r e a c h (

s t d : : b eg i n ( r . g e t e x t e r n a l ( ) ) , i t ,
[& b pos ] ( SymbolElement &s e l ) {

i f ( s e l . t ype ( ) == ELEM TYPE : : NT TYPE) {
b pos++;

}
} ) ;

b pos++;
Meaning new meaning =

r . g e t i n t e r n a l ( ) . get means ( ) . r e p l a c e d (
b pos , b s i z e , V a r i a b l e ( n ew va r i d ) ) ;

new meaning = new meaning . r e p l a c e d (
0 , 1 , Meaning (AMean( new mean id ) ) ) ;

i t = r . g e t e x t e r n a l ( ) . e r a s e (
i t ,
s t d : : nex t ( i t , word . g e t e x t e r n a l ( ) . s i z e ( ) ) ) ;

r . g e t e x t e r n a l ( ) . i n s e r t (
i t , R i gh tNonte rm ina l (

word . g e t i n t e r n a l ( ) . g e t c a t ( ) ,
V a r i a b l e ( n ew va r i d ) ) ) ;

Ru le s en t {
Le f tNon t e rm i na l {

Category { r . g e t i n t e r n a l ( ) . g e t c a t ( )} ,
new meaning } ,

r . g e t e x t e r n a l ( ) } ;
bu f . push back ( s en t ) ;
i n t e n t i o n . r e p l a c e (

r . g e t i n t e r n a l ( ) . g e t b a s e ( ) ,
word . g e t i n t e r n a l ( ) . g e t b a s e ( ) ,
s e n t . g e t i n t e r n a l ( ) . g e t b a s e ( ) , b pos ,
b s i z e ) ;

i f (LOGGING FLAG) {
LogBox : : p u s h l o g ( ”REPLACE<− ” + sen t . t o s ( ) ) ;

}
i s r e p l a c e d = t r ue ;

} e l s e {
swapDB . push back ( r ) ;

}
} e l s e {

swapDB . push back ( r ) ;
}

} ) ;
c h e c k i n g s e n t s . swap ( swapDB ) ;
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send box ( buf ) ;

r e t u r n i s r e p l a c e d ;
}
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