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6-2 The process of learning. A, At the beginning of each trial, the robot is placed
on the central arm of the T-maze. The camera detects the black wall at the back,
and the central part of its visual field is activated. B, The robot has not get learned
much correlations about the tactile cue so that the robot makes no large turn. But a
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reward, the Hebbian learning rule reinforces the correlation between an increase
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6-3 Illustration of the learning process of the “reward - vision — motor” path during
the first and second trials. Five boxes in each module show activities of each of the
five types of variables used for computation of Eq. 2 and 3. The five boxes inside
the vision module denote activity patterns of its visual field (upper three boxes)
or optical flow (lower two boxes). As for the reward module, the sign inside the
boxes indicates its activity level. The virtual unit of the reward module Z"¢w* ¢ (t)
is always set to 1.0, which is illustrated by the black triangle. A, Neural activity
when the robot gets the reward at the first trial. When it reaches the reward,
the robot gets an increase of the reward signal (denoted by ‘+’), and at the same
time the camera detects the black wall on the right side of its visual field. The
robot learns a positive correlation between Aa}rew‘”’d(t) and xVision (t) B, Neural
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phase. Therefore, at the second trial, the robot is again successful. . . . . . . . .
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6-4 Illustration of the learning process of the “tactile - motor” path in the second
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used for computation of Eq. 2 and 3. The sign in the boxes at the tactile module
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through the learned connections to induce a left turn. . . . . . . . . .. .. ..
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Chapter 1

Introduction

Living systems are highly complex physical systems, which exhibit many unique characteristics
in respect of self-reproduction, autonomy, enaction, sustainability and evolvability. The aim
of this thesis is to approach a deeper understanding of living systems which exhibit amazing
complexity and adaptivity, and to extract the essential logic underlying the intelligence of living
systems.

A keyword of this thesis is “self-organization” of living organisms. Self-organization means a
system where global patterns are spontaneously generated from many interacting sub-systems.
For instance, similar patterns to fish skins are created from a simple reaction diffusion system,
known as Turing patterns [56,77]. Cell-like patterns known as Benard cells are spontaneously
created by inhomogeneous distribution of temperature [87].

We assume that living organisms are also products of self-organization. They are organized
through natural evolution, which does not have goal nor intention. Phenotypes and functions
that can be observed in living systems are not specified in advance, but spontaneously organized
through natural selection. However, the self-organized patterns presented so far, e.g., Turing pat-
terns, may be able to imitate skins of living organisms, but far from living organisms themselves.
In this thesis, we investigate general laws of self-organization underlying living organisms, i.e.,
self-organized structures that allow living systems to exhibit adaptive behavior.

Especially, we focus on self-organization of time scales. The ability to regulate time scales
is a fundamental requirement for living systems. Sensory perception, cognitive processing and

motor control all require precise control on temporal information, which is true to amebas to
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humans [11, 12, 104]. Functions of living organisms work on various range of time scales: time
scales in the range of tens of milliseconds are used for perception, e.g., sound localization, motion
detection, or speech recognition [12]. Longer ones are observed in circadian rhythms, such as
sleep-awake cycle or appetite [11]. The dynamical mechanisms for organizing those multiple
time scales are still unclear. Indeed, it has not yet been determined how the well-regulated

timescales are ubiquitously organized and what is the simplest unit to encode them.

The purpose of this thesis is to investigate 1) whether timescales can be self-organized in
living systems, 2) whether having multiple time scales is efficient to generate adaptive behavior,
and 3) how living organisms synthesize micro level time scales — or neuronal level and sensory

/ motor processing level — into macro level ones — or behavior.

The methodology of this thesis is firmly rooted in two bases: artificial life (ALife) and em-
bodied cognition. Those two share a motivation to create a theory for understanding natural
intelligence from physical and dynamical aspects. The philosophy of AlLife lies in creating life-
like phenomena from non-living matter, such as computer simulations, robots, or biochemicals.
The main focus of this research field is not on mimicking minute details of living systems, but cre-
ating abstracted features of them, such as self-reproduction, autonomy, enaction, sustainability,
and evolvability. This methodology has revealed essential principles underlying living organisms.
Embodied cognition is a philosophy to understand the nature of intelligence. This theory suggest
that natural intelligence is not designed by an external observer, but spontaneously emerges from

complex interaction between the body, brain and environment, as a process of self-organization.

Based on the two bases, we explore self-organization processes observed in living organisms
by creating two artificial systems: one is a robot, and the other is a system composed of biological
neurons. The robot is equipped with a self-organized brain system, where we observe organiza-
tion of adaptive behavior through a course of learning. There are several time scales concerning
the robotic system: the fastest time scale lies in sensory processing, followed by learning speed,
and the largest time scale concerns the generation of behavior. We observe coherent behavior,
i.e., solving a T-maze, can be self-organized from the multiple time scale system. In the exper-
iment with the biological neuron, we hypothesize that the material properties of the biological
neuron innately has intelligent properties to organize multiple time scales. Biological neurons

are cultured in in vitro and we record their spontaneous development with a micro-electrode
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array. In both experiments, we observe and analyze self-organized structure of time scales, to
finally synthesize them into understanding of living systems.

In the following sections, we first review the recent studies on time scales. Next, we detail
basic philosophies underlying the thesis, i.e., ALife and embodied cognition, which is followed
by general ideas and recent studies of self-organization. Finally, we present contribution of the

thesis toward the theory of living systems.

1.1 Time scales

Many studies have suggested that regulation of time scales are important for maintaining various
functions, as well as functions in turn work on different time scales. Living organisms have
multiple time scales in the range from microseconds to days for realizing various functions [12].
The shortest time scale is observed in sound localization. Animals can localize a source of
sound by discriminating a small difference in the arrival time of sound between the left and right
ears [12,14,70]. The time scale — 10us — is quite small compared to that of action potential
which lasts some hundred microseconds. In a millisecond time scale, monosynaptic reflex arcs
of neuronal cells are observed [66], i.e., one-to-one interaction of each single cell of neurons. It
is on the scale from milliseconds to seconds that complex forms of sensory and motor processing
occur, including speech generation / recognition [68,93] and motor control [11,27]. Time scales
in the range from seconds to minutes concerns foraging [54], multiple-step arithmetic [100] and
decision making [39,63,88,102]. Circadian rhythms display endogenous oscillations of 24 hours,
which control the sleep-awake cycle, metabolic and appetite [20]. The longer ones than those
are menses, menopause, and life span.

These studies have shown the importance of regulation of multiple time scales to maintain
functions, as well as the fact that functions act on specific time scales. The work in this thesis

concerns efficiency in having multiple time scales, which is introduced in the following part.

1.1.1 Efficiency of Having Multiple Time Scales

A study done by Dosenbach et al. suggests that multiple time scales in the brain allow robust con-

trol of behavior. By using fMRI meta-analysis techniques, they identified two distinct dominant
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networks on top-down control, named “fronto-parietal” and “cingulo-opercular” networks [24].
They demonstrated that the two separate networks acted on different time scales. The front-
parietal network was suggested to function on a short time scale, which allowed to rapid control
on initiation and adjustment. On the other hand, the cingulo-opecular network appeared to work
on a long time scale, which provided stable set-maintenance over a long time. They suggested
that having several networks, which work on different time scales, allows flexible and robust

control on human behavior.

1.1.2 Our Hypothesis

Based on the studies presented above, we hypothesize that 1) organization of the multiple time
scales is an emergent property of the living organisms, 2) the multiple time scales are efficient
for creating robust and adaptive behavior, and 3) living organisms synthesize the micro level
time scales — or neuronal level and sensory / motor processing level — to create macro level time
scales — or adaptive behavior. We investigate 1) —=3) by a robotic model in Chapter 2, and 1) is
intensively studied in Chapter 3 by characterizing a developmental process of biological neurons

invitro. In the next sections, we present core concepts that underlie our experimental setups.

1.2 AlLife

The central question of ALife is how to make life from non-living matter. The methodology of
AlLife is to construct abstract models of life-like phenomena by using artificial systems, such as
computer models, robots, and biochemistry, which enables to extract essential logic underlying
living organisms. Main topics of ALife lie in self-reproduction, autonomy, enaction, sustainability,
evolvability, and so on [8,44, 76, 83, 86]. Namely, the main focus of ALife is not on creating
elaborate models of living systems, but to realize essential features of them. The researchers
have been aiming at revealing “life-as-it-could-be” rather than “life as-we-know-it”; the broader
sense of life tells the essential logic underlying living organisms [62].

A series of models that we present in this thesis is based on the philosophy of ALife. The
models are not biologically elaborate, but simplified abstract ones. Those models, we believe,

reveal essential properties that underlie living organisms. In this section, we first review the
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history of ALife, and then introduce relevant backgrounds with the works of this thesis.

The field of ALife was founded by a computer scientist, Christopher Langton [62]. He found
out that self-reproduction — one of the essential properties of living systems — can spontaneously
emerge from a set of simple algorithms in a computer [61]. He concluded that, by giving simple
rules like algorithms, life-like phenomena can be generated, which would contribute to under-

standing essential principles of living systems.

An earlier example of ALife is the cellular automaton [80,110,114,117]. A cellular automaton
is composed of a grid of cells, where each cell can take a finite number of states, e.g., 0 and
1 [117]. The state of each cell is temporary updated, depending on the neighboring cell states.
Depending both on the rule to update the state and the initial configuration, a cellular automaton
can exhibit complex patterns, e.g., similar patterns to surfaces of sea shells [80, 117], and self-
moving patterns [1,40,42]. Autonomy is one of the essential properties of life, so that the cellar

automaton is one of the most famous examples in AlLife.

Models using biochemicals have also been presented. For instance, Hanczyc et al. demon-
strated that oil droplets composed of fatty acids exhibited autonomous movement [43]. The
movement was driven by the internal convection flow. The convection was induced by a hy-
drolyzation process of anhydride precursors of the fatty acid, which happened on the droplet
surface. The movement of the oil droplet was sustainable, because of a positive feedback to allow
fresh precursors to react. This experiment suggests that life-like phenomena like autonomous

movement can be self-organized only from material properties.

In Chapter 3, we investigated self-organized structures observed in biological neurons in vitro.
We hypothesized that material properties of neurons can innately generate life-like phenomena.
Material properties of neurons mean: 1) components such as neural somata, glias, axons, den-
drites, synapses, 2) physical restrictions like transmission speed of electrical signals, thermal
noise or nutrition supply and 3) plasticity of synapses that allowed development. Artificial neu-
ral systems that have been used in ALife studies often ignore those properties of neurons. We
hypothesize that neurons innately have intelligent properties such as controlling multiple time

scales, so that we investigate self-organized patterns observed in the biological neurons.
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1.3 Embodiment

Embodied cognition is a theory to understand the nature of the mind, which is oriented toward
building intelligent behavior artificially from non-living matters, and therefore studied mainly in
the field of ALife and artificial intelligence [4,5,7,9,10,18,21,23,26,48,60,64,76,86,107,113]. In
this section, we first review the history of embodied cognition, and then mention the contribution

of the works in this thesis.

Several decades ago, the field of artificial intelligence assumed the computational view of the
mind. In this approach, the brain was regarded as a central controlling system, which was
distinct from the body and sensors. The brain received information from sensors, processed it to
choose a good plan from given behavioral patterns, and changed the motor output to generate
the desired behavior. Namely, the brain worked as a search system to pick up a good plan. To
do so, the brain system needed to have a perfect representation of the environment, e.g., maps,
locations of objects, or well-organized tasks. The slogan there was “good representation is the
key to AI” [8]. The researches in the field hoped that intelligence could be achieved by enough

knowledge of the environment and complex computation to manipulate given symbols.

However, it has been realized that the computational approach has a lot of suspicious as-
sumptions and qualitative differences from living systems. Because of the need for a perfect
representation of the world, the robots needed heavy computation, which after all prevented
them from exhibiting naturally smooth movement. Additionally, they were quite fragile to unex-
pected perturbations, because it was actually impossible to obtain the complete representation

in advance.

Brooks presented a series of robotic experiments that changed radically the philosophy be-
hind robot control. His robots were composed of several parallel control systems, e.g., avoiding
objects, and they exhibited surprisingly complex and robust behavior like exploring in a rough to-
pography [8]. He suggested that the central nervous system and perfect representation were not
necessary to create robust and intelligent behavior; Accumulation of basic functions that were
controlled by small subsystems can finally be synthesized into complex, and observably “intel-
ligent” behavior. Namely, intelligent behavior is not designed in advance, but self-organized

through interaction between the body, brain and environment. Beginning from his idea, a new
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scientific field has grown, known as embodied cognitive science or embodied artificial intelli-

gence.

Embodied cognition suggests that the nature of the mind is determined by the physical char-
acteristics of the body, brain and the environment [8,83,86], rather than controlled by the central
nervous system. This notion does not simply means that intelligence requires body, but intel-
ligence comes from complex interaction between the body, brain, and environment. Namely,
intelligence is dependent on 1) morphology and material property of the body and 2) the physical

interaction with the surrounding environment [84].

For instance, Pfeifer presented a robotic experiment to show that intelligent behavior comes
from morphology of the body [85]. The robot had a task to collect garbage cans, that were
scattered in the environment. It should not collect larger objects than the cans, because they
were not garbage. The robot had a gripper on its body, which was just fit to the cans. When the
robot moved around the environment, it successfully collected the cans, by catching them with
the gripper. It ignored other objects, because the robot could not catch larger objects because
the gripper was too small to do it. This example showed that robot was able to discriminate
garbage from other surrounding objects only by the morphological structure of the body, which
finally generated garbage collecting behavior [85]. Namely, he showed that intelligent behavior

is generated from the morphological structure of the body and interaction with the environment

In the research field of embodied cognition, it is quite important to construct a physical
system in practice before creating a theory. Creating actual systems allow to realize essential
characteristics to build a theory which otherwise cannot be realized. This type of approach
is called “constructive approach”. The slogan of this approach is “understanding by building”
[83]. This approach not only allows to dismiss wrong assumptions, but also to identify general
principles underlying the physical system that are hard to predict before creating the system in
practice. Bovet metaphorically illustrated this point in [6] through considering the history of the
question about how birds can fly: Once people assumed that the essential mechanism for birds
to fly was the presence of wings. They did not realize the assumption was actually not true until
they constructed artificial flying systems, where they first realized the importance of other factors
like weight distribution. Building artificial systems allows evaluation of improper assumptions,

and reveals general principles that otherwise cannot be predicted, which are finally synthesized
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into a theory, aerodynamics for example.

The concept of embodied cognition is one basis of this thesis as well as the concept of Alife.
We aimed at understanding adaptive behavior by building artificial systems which interact with
the environment by using the physical bodies. We build a robotic experiment in Chapter 2,
where the robot is equipped with a self-organized brain system and multiple sensors and motors.
The robot is controlled by hierarchical orders of multiple time scales, i.e., time scales to control
1) neuronal activity (fastest), 2) synaptic connectivity, and 3) behavior (longest). We analyze
how the faster time scales are organized into behavior. Furthermore, we analyze time scales of
information flow in the neural network, and discuss the efficiency of having multiple time scales

for adaptive behavior.

1.4 Self-organization

As presented earlier, we investigate self-organization of adaptive behavior observed in two dif-
ferent systems: Robotic experiment and biological neurons in vitro, both of which have learning
capability to demonstrate self-organization through learning / development. The robot has self-
organized brain system based on Hebbian learning, while the biological neurons have synaptic
plasticity to evolve through the culturing. In this section, we introduce the background of self-

organization processes observed both in the robotic experiment and the biological neurons.

1.4.1 Self-organization in robotic systems

First, we introduce a history of self-organization studied in the field of evolutional robotics. Brait-
enberg presented “Braightenberg vehicles” in a series of thought experiments, which demon-
strated self-organized behavior in simple robots [7]. Simple wiring between sensory and motor
systems can spontaneously generate surprisingly complex and intelligent behavior, e.g., light
seeking behavior. As recent studies, Kuniyoshi et al., presented the emergence of intelligent
behavior without having motivational principles like an evaluation function [57-59]. Their com-
putational models were equipped with muscle and skeleton systems and controlled by chaotic
oscillators. The robots spontaneously generated meaningful and adaptive behaviors through

moving around the environment by using the physical bodies. Their experiments suggest that
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coherent behavior can be self-organized through interaction between the environment and the
physical body, where there is no need for explicit evaluation functions.

More recently, Bovet and Pfeifer invented a robot with a self-organized brain system [4-6].
In their model, the robot was equipped with motors and several types of sensors, which were
controlled by corresponding sensory or motor areas in the brain. In their self-organized brain
system, Hebbian learning rule, which captures simultaneous activities of neurons [45], tuned
connectivity strength between the sensory / motor areas. The robot did not have any evaluation
functions, but only by interaction with the environment and their body, brain and sensors, they
exhibited meaningful behaviors such as avoiding walls or solving delayed reward tasks.

The robotic model that this thesis presents in Chapter 2 is based on the model by Bovet
and Pfeifer [4-6]. We analyze behavioral change during a course of learning, where we expect
to observe similar learning patterns to living organisms. We further analyze the self-structured
learning patterns, adaptivity of them, and neuronal mechanisms to create the behavior. We

especially focus on self-organized structure of time scales to allow adaptive behavior.

1.4.2 Self-organized structure in biological neural networks

Self-organization observed in neuronal systems is tightly related with synaptic plasticity, which
is the ability to tune synaptic strengths in response to activities of neurons. A basic mechanism
of the synaptic plasticity is Hebbian learning rule [45]. This learning rule concerns adaptation of
neurons through learning, where synaptic strength increases if the postsynaptic cell is activated
just after the activation of the presynaptic cell. Hebbian learning is experimentally observed in
real brain systems as spike-timing-dependent-plasticity (STDP) [3,13,13,15,28,31,37,41,99,101,
109].

However, it is yet to be fully investigated whether STDP neural networks can generate com-
putational functions, and if so, how. Nessler et al. are the precursors in answering the questions;
they showed, through a computational brain model, that Bayesian computation emerges in the
neural network equipped with STDP [75]. They further demonstrated that STDP approximates
the most powerful learning principle, Expectation-Maximization (EM) [22]. This theoretical study
suggests that even small number of neurons can exhibit computational functions.

In Chapter 3, we study a self-organization process of neural networks cultivated in vitro,
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where we examine emergent properties that the biological neuron naturally possesses, especially

focusing on time scales.

1.5 Methodology

In this section, we would like to introduce three basics of our methodologies used in Chapter
2 and 3. The first two, i.e., genetic algorithm and learning, are important in generating self-
organized structures, and the last one, transfer entropy, is to characterize self-organized structure

in the neural networks.

1.5.1 Genetic algorithm

Genetic algorithm (GA) is popular methodology used in ALife researches, which mimics the
process of natural selection in computer simulations [69]. GA allows virtual creatures in the
simulation environment to evolve adaptive phenotypes, without specifying desired phenotypes
in advance. Various unexpected phenotypes can be self-organized, similarly to the natural se-
lection. Because of its capability to show a self-organizing process, we applied GA to our robotic
model to tune parameters. Here, we first review the basic notion of GA, and then application of
it.

The simulation of GA has a population of artificial creatures and a fitness function to evaluate
behavior of respective creatures. Each creature has a set of phenotypes (defined by a genome),
which is modified gradually through the simulated evolution, by giving mutations and recombina-
tions to the genome. Depending on the phenotypes, each creature moves around the simulated
environment, where the performance of each creature is evaluated by the fitness function. The
fitness value determines the reproduction rate, so that creatures that exhibit better fitness values
become evolved. In other words, GA is a method to search local optima in the fitness function.

Based on GA, Sims created evolutional creatures in a computer simulation, where the fitness
function evaluated their capability to forage and escape from enemies [98]. The artificial crea-
tures exhibited unexpectedly various strategies, where they could move, swim or jump depending
on their evolved morphology. The variation of strategies comes from a lot of local optima in the

fitness function. As such, GA allows to observe “emergent” solutions that otherwise cannot be
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predicted. This evolutional principle is similar to the natural selection, in respect that there are
no outsiders to arbitrary design each creatures, but adaptive behavior spontaneously emerges
through the evolution. GA is used to evolve various life-like phenomena, from arm movements,

decision making process, to eco-systems [74,78,98].

1.5.2 Learning

One striking difference between the living system and the evolved creature by GA lies in learning
capability. Normally, the creatures evolved by GA has fixed parameter sets, so that they do not
learn from ongoing interactions with the environment. However, learning is essential property
of intelligent behavior of living organisms, because the ongoing control will allow robust and
flexible control of behavior. In this part, we introduce the importance of learning in adaptive

behavior by taking an example of a rat experiment.

In a route selection task, rats shook their heads at the intersection point, as if they were
considering their way. This behavior is called vicarious trial-and-error (VTE) [108]. VTE was
observed when rats were uncertain in making proper decisions, e.g., in an earlier stage of learn-
ing, error trials, the next trial after making an error, or when the rats had to change their
strategy [94, 108]. Therefore, VTE is regarded as being relevant with learning efficiency. Place
cell activity in rats’ hippocampus revealed that VTE was observed when the place cell activity
swept forward from the current position of the rats [52]. This suggests that they were simulating
their next decisions internally under the uncertain situation. This leads to a conclusion that
VTE reflects deliberative decision-making, which is a cognitive process that includes searching,
predicting, and evaluating future outcomes [111]. These studies show that uncertainty during
learning is critical to evaluate and determine their way. This process will be computationally

slow but also adaptive because it allows ongoing control to achieve flexible behavior.

The robotic experiment presented in Chapter 2 focuses on self-organized behavior through
learning, where we demonstrate spontaneous generation of VTE, and robustness allowed by it.
We further investigate neural mechanisms to generate VTE in respect of organizing multiple time
scales. In the next part, we introduce the way to assess time scales spontaneously organized in

the neural network.
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1.5.3 Transfer entropy

We apply transfer entropy (TE) to measure information flow in neural networks both in the
robotic model (Chapter 2) and in the biological neurons (Chapter 3). TE is a measurement
of directed information flow, or more specifically, it detects causal relationship between two
time series [2, 65,95, 103]. High TE in a directed pair of neurons means that high amount of
information is transferred there. By using TE, we estimated information flow in different time
scales.

Computation for TE needs to binalize raw data into 0 and 1, which needs to set a bin-length:
If there are any neural spikes within a bin, then the bin will take the state 1, and otherwise 0.
We took the bin-length as an indicator of time scales. If the bin-length is small, the binalized
time series represents fast activity of neurons, e.g., single cell interactions. Larger bin-lengths
capture macroscopic activity created by ensembles of neural activities. By changing the bin-
length, we quantify information flow in multiple time scales. We detail the way to compute TE

in the following part.

Background and calculation procedure of TE

Shannon 1948 founded the information theory [97], by defining a quantity to measure the amount
of information. The quantity is called Shannon entropy. We first give an intuitive understanding
of Shannon entropy, and specific definition follows next.

The Shannon entropy quantifies the amount of uncertainty in a random variable. As an
example, consider coin tosses which are completely fair. Each trial happens independently, so
that the history of the outcomes does not tell any information to lessen the uncertainty of the next
outcome, which gives high entropy. On the other hand, Markov process, where the probability
of the current outcome is dependent on a history of the outcomes, has lower entropy than the
coin tosses, because the history lessens the uncertainty to give better prediction. Namely, the
entropy is a quantity to measure the amount of uncertainty in a variable.

Specifically, Shannon entropy of a system X is defined as:

H(X)= —Zp(x)logp(x), (1.1)

zeX
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where p(x) denotes the probability of z (z is an event of X).

To evaluate the dependency between system X and Y, mutual information (M I) is defined

as follows:

MI(X,)Y) =H(X)—-H(X|Y)
=H(Y)—-HY|X). (1.2)

H(X]Y') means conditional entropy, i.e., the uncertainty of X when Y is known. Therefore,
MI(X,Y) suggests a decrease in the uncertainty of X when Y is known.
TE measures the causal relationship between X and Y by considering the past history. The

TE from system X to Y is denoted by T'x_,y-, which is written as:

Ty = H(Yno1 [y") = H(yni1 |y, 2P) (1.3)
_ N1 (&) O\ 1no Pnsilyd ey

- n s4n 1 1.4

2n=0 P(Unt1,yn, 2n’) log Plynt1lys) (14)

where n is the current time step, and yt(k) and xgl) are the past variables with length &k and [

) ) k !
respectively (i.e., y,g ) = {YnsYn—1, -+ Yn—_k+1} and ¥ = {Zp,Tpn_1,.-Tp_ks+1}). When the

next state of Y (= v, 1) is conditioned by the past history of X (= :L’,@), then H (Y41 |y,(1k), xg))
takes a smaller value than H (yn+1|yr(lk)). If y,+1 is independently determined from the past
history of X, then the two components in Eq. 1.3 will have the same value. Therefore, higher

T Ex_,y means higher causality from X to Y.

1.6 Outline and Contributions

The following Chapter 2 presents a robotic experiment for understanding decision making pro-
cesses spontaneously generated from Hebbian learning [4-6]. The behavior is self-organized
through interaction with the body, brain and surrounding environment. We obtained 16 robots
by GA that were successful in a given task, and found some of the robots showed conflict-like
behavior. The robot shook its head direction more often at the beginning of learning, which de-

creased afterward. Similar behavior was found in rat’s experiments, i.e., vicarious trial-and-error
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(VTE; see Section 1.5.2). The result suggests that VTE is an emergent property of the system,
generated from a simple interaction between the body, brain and environment. By analyzing the
VTE from the chaos theory and the information theory (introduced in Section 3.3.3), we studied
the role and mechanism of it. Specifically, we found that VTE-showing robot had multiple time
scales in the brain system, and showed robust control toward perturbations. This demonstrates
an efficiency of having multiple time scales toward adaptive behavior.

Chapter 3 investigates a intrinsic property of biological neurons. We cultured neurons in vitro
to recode activities of neurons during several weeks. We observed a developmental process of the
neurons, and characterize information flow by TE. We revealed that even small neural networks
composed of roughly 100 neurons spontaneously develop multiple time scales in information
flow.

Finally, a summarizing discussion of the general principles drawn from the results obtained

throughout the thesis is provided in the concluding Chapter 4.

1.6.1 Major contributions

The major contributions of the thesis are summarized as follows:

+ We demonstrate that similar behavior to the rat (i.e., VIE) can be self-organized in a
robotic model with hierarchical time scales, i.e., sensory processing, learning, and behav-

ior, presented in Chapter 2.

+ We evaluate the hypothesis that multiple time scales in the neural network generates

adaptive behavior, and are efficient in robustness, proposed in Chapter 2.

+ The result in Chapter 3 shows that multiple time scales are an emergent property of bio-

logical neurons in vitro.
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Chapter 2

A Robotic Approach to Understanding the
Role and the Mechanism of Vicarious

Trial-and-Error in a T-Maze Task

Vicarious trial-and-error (VTE) is a behavior observed in experiments with rats that seems to
suggest self-conflict. This behavior is seen mainly when the rats are uncertain about making
a decision. The presence of VTE is regarded as an indicator of a deliberative decision-making
process, i.e., searching, predicting and evaluating outcomes. This process is slower than au-
tomated decision-making, such as reflex or habituation, but it allows for flexible and ongoing
control of behavior. In this study, we propose for the first time a robotic model of VTE, to
see if VTE can emerge just from a body-environment interaction, and to show the underlying
mechanism responsible for the observation of VTE and the advantages provided by it. We tried
several robots with different parameters, and we have found that they showed three different
types of VTE: high numbers of VTE at the beginning of learning, decreasing afterward (similar
VTE pattern to experiments with rats); low during the whole learning period; and high all the
time. Therefore, we were able to reproduce the phenomenon of VTE in a model robot using
only a simple dynamical neural network with Hebbian learning, which suggests that VTE is an
emergent property of a plastic and embodied neural network. From a comparison of the three
types of VTE, we demonstrated that 1) VTE is associated with chaotic activity of neurons in our

model and 2) VTE-showing robots were robust to environmental perturbations. We suggest that
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the instability of neuronal activity found in VTE allows ongoing learning to rebuild their strategy
continuously, which creates robust behavior. Based on these results, we suggest that VTE is
caused by a similar mechanism in biology, and leads to robust decision-making in an analogous

way.

2.1 Introduction

In a study with rats, Tolman [108] observed that they seemingly hesitated when they had to
choose between one of two rooms, one of which contained a reward while the other was empty.
The only cue differentiating the rooms was the color of their doors. A black door indicated that
the room provided a reward, and a white door indicated an empty room. To reach the reward,
the rats had to learn the relationship between the color of the door and the presence of the
reward. During the learning phase, the rats were seen moving their heads from one door to the
other as if they were considering which one to choose, which was referred to by Tolman as a
conflict-like behavior called vicarious trial-and-error (VTE). In his experiments, Tolman noticed
that the number of VTE events (i.e., the number of times that the rat shaked its head during one
trial) increased at the onset of the learning phase but started to decrease when the performance
was stabilized. Based on this observation, VTE has been connected to learning efficiency.
Following Tolman’s observations, other researchers started paying attention to the presence
of VTE. Hu and Amsel showed a hippocampal contribution to VTE [47]. Johnson and Redish
recorded place cell activity in rats’ hippocampus, and they observed VTE when the rats were
simulating their next decisions internally before acting [52]. These results led to the hypoth-
esis that VTE reflects deliberative decision-making, which is a cognitive process that includes
searching, predicting, and evaluating future outcomes [111]. This process is computationally
slow compared with automated decision-making like habituation and reflex, but it allows ongo-
ing control to achieve flexible behavior. A rat experiment by [94] supports this hypothesis; the
author observed high VTE when the rats were uncertain and had to think about their decisions
in the following three conditions: 1) error trials, rather than correct trials, 2) the next trial after
making an error (i.e., potential error trials), and 3) when the rats had to switch their strategy.

VTE-like behavior has also been found in other animals. In a human experiment [115], the
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participants showed VTE-like behavior when they had to actively, instead of passively, explore
a given environment. They performed better with VTE-like behavior in the active condition.
Tarsitano et al. [106] found that in a detour task, jumping spiders displayed two phases of action:
the inspection phase, when the spiders stopped and inspected possible routes toward a target,
and the locomotory phase, when the spiders moved toward a single direction. VTE was observed
during the inspection phase. Tarsitano concluded that “one can speculate that it is a small
but significant jump to use trial and error when choosing a goal to approach”. However, in
animal experiments it is difficult to observe the neural dynamics, which makes it hard to directly

investigate the mechanism behind VTE and its resulting behavior.

There are some theoretical models of VTE; Rossler took up VTE as a sign of private simulation
[90], and Tkegami studied it as an example of embodied chaotic itinerancy [50]; i.e., the itinerant
motion of an autonomous robot with chaotic instability. From the Bayesian theory view point,
Johnson et al. posited that VTE occurs with changing task demands [53]. Still, those models are

lacking body and environment structure that will spontaneously generate VTE.

In this paper, we tried to understand whether VTE is an emergent property of a physical body
moving around in its environment. We also investigated the link between VTE, neuronal dynam-
ics, and efficiency of VTE toward learning. The methodology used in this chapter is to make a
simplified abstract model of VTE, rather than making a biologically elaborate one. This experi-
ment has its basis in the field of evolutionary robotics, where basic features of living organisms
are recreated by simple robotic systems [44, 76]. This is to study the essential logic underlying
living systems, such as autonomy, evolvability, and embodiment [8,44,76,83,86]. In this paper,
we especially focused on embodied properties of living organisms. Embodied cognition is the no-
tion that the nature of the mind is determined by the physical characteristics of the body and the
environment, rather than controlled only by the central nervous system [8,83,86]. For instance,
Bovet and Pfeifer [5] showed the spontaneous development of coherent behaviors in robotic ex-
periments — reward seeking behavior for instance — just by moving around the environment with
a physical body. In their experiment, the robot utilised the morphological structure of whiskers
and the physical properties of various sensors like infrared or vision sensors. By learning the
relationship between those different types of signals, the robot successfully reached the reward.

This experiment gives an important notion that intelligent behavior can emerge from the simple
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interaction between the body and the environment.

We therefore composed a simple robotic model of VTE to show the underlying mechanism
responsible for the observation of VTE and the advantages provided by it, in terms of learning
and in terms of dynamical systems. The model that we used is based on Bovet’s T-maze learning
robots [5] which we reproduced in computer simulations. The model that we used is similar to
the environment used when the rats showed VTE. As a result, we demonstrated analogous VTE
patterns to those reported in the experiment with rats, in terms of the temporal change in the

number of observations, i.e., high at the beginning of learning and less afterward.

In addition to the similar pattern to rats, we have found other patterns of VTE using different
parameters, which we classified into the following three groups: 1) high number at the beginning
of learning and low afterward, 2) low during the whole learning period, 3) high all the time. From
the comparison of the types of VTE, we demonstrated that VTE is associated with the chaotic ac-
tivity of neuronal dynamics. Depending on the three types of VTE, we also compared the robots’
behavior to evaluate adaptability by changing environmental conditions. The robots with the
low VTE pattern changed their behavior drastically due to those perturbations, even exhibiting
0% success, while those with the high to low VTE pattern were robust to the perturbations. we
suppose that VTE causes sensory fluctuations, enabling the robot to continuously change the
connectivity pattern of the neurons. In other words, VTE allows the robot not to have to follow
the same trail in a maze, enabling it to change its neural activity. This allows the robot to learn
in an ongoing way, by continuously gathering information from the environment, creating robust
behavior. This reminds us of the concept of “homeodynamic adaptation” suggested by lizuka
and Di Paolo [49] — an agent-based cognitive model of morphological disruption where internal

instability allows behavior that is adaptive to changes in the body.

The organization of this paper is as follows: In Section 2.2, we detail the environmental set-
up and the neural model. Section 2.3 provides results and analysis of the behavior of the robots.
Section 2.4 discusses the role of VTE and the mechanism behind it in the light of adaptability,

which are concluded in Section 2.5.
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2.2 Methods

This work is based on a robot experiment developed by Bovet and Pfeifer [5]. In this model, a
robot must reach a goal located on one arm of a T-maze. To do so, a neural network acting as the
controller must combine four sensory modules to determine the right motor commands at every
instant (Figure 2-1A). The sensors are tactile, visual, proximity, and reward. These five modules
(i.e., the four sensory modules and the motor module) are interconnected and represented by
a different neural population within the controller. Synaptic connections are tuned using the
Hebbian learning rule, which will be explained in more detail later on. Differently from the
original work by Bovet and Pfeifer, the experiments here were done in computer simulation.

The robot was modelled according to the e-puck robot [71].
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Figure 2-1: T-maze environment used for the experiment. At the beginning of each trial, the
robot was placed on the central arm of the maze. The initial position of the center of the body
was originally set to (29, 20). The circle at the choice point represents the tactile cue, the star
at one end of the maze indicates reward, and the lightning at the other end of the maze stands
for punishment. All the sizes and distances are in centimeters, which is scaled based on actual
e-puck robots.

The environment for this study was a T-maze with one central arm and two side ones,
which is shown in Figure 2-2 along with its length and detailed arrangement. All the sizes and
distances in the simulated environment are in centimeters, which is scaled based on actual e-

puck robots [71]. A reward was located at the end of one arm, and a punishment was placed
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at the end of the opposite one. The task of the robot was to reach the reward by choosing the
right arm to follow. The right direction was indicated by a tactile cue at the intersection. The
robot had to learn the correlation between the cue and the reward in order to complete the task
successfully. Additionally, the robot also had to learn to move around within its environment.

The robot was equipped with the following sensors and motors in the simulation environment:
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Figure 2-2: Structure of the neural network. A: Five sub-systems for each sensor or motor mod-
ules make up the whole cognitive system of the robots. These modules are fully connected with
each other. B: One module is composed of several neurons. Each neuron has two components;
one is a state unit, while the other is a virtual unit. C: Modules are minimally connected.

1) Tactile sensors: Tactile stimulation came from the 32 whiskers attached to the left and right
sides of the robot. The length of the whiskers was 20.0 cm (Figure 2-2). The signals from
those whiskers were given as the binary numbers 1 (triggered) or O (at rest). The whisker
sensors only detected the tactile cue at the corner of the T-maze when the robot was close

enough.
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2) Vision sensors: Visual stimulation reflected the activity of the omnidirectional camera, which
returned grayscale values standardized from O to 1. This camera was composed of 20
pixels aligned horizontally. Everything in the T-maze was made white or transparent
except for the black backside wall (Figure 2-2). Therefore, only this wall provided a signal
of 1 when entering the field of view of the camera. By sensing this black wall, the robot

could estimate its location and direction within the arena.

3) Infrared (IR) proximity sensors: Six IR proximity sensors were uniformly attached to the
front half of the robot’s body. These sensors detected the distance from the robot to the

walls of the T-maze.

4) Reward sensitivity: The reward sensitivity was usually set to 0. It was raised to 1 to signal

a reward and lowered to -1 to indicate punishment.

5) Motors: The forward velocity of the robot was set to a constant positive value (denoted by
v1). The turning degree was determined by the output of the neural network vy, which was
standardized between O and 1. (vq, vo) were used to set the left and right wheel velocities

as follows:

Vg U1 + CUQ
= (2.1)

Uy v; — Cuy

where C' was a constant for converting the standardized value to the actual motor speed.
If v9 > 0, then v; < v,, which made the robot turn left, and vy < 0 produced a right

turn.

All the experiments described in this paper took place in two phases: a training phase and a
testing phase. During the training phase, the robot explored the maze with the cue and reward
deactivated and with the motor speed fixed to the two variables (vy = (1,0) or (0, 1), which
induce left and right turn respectively). When it touched a wall, the robot was returned to its
initial position and the motor speed was switched to the other value. This process was repeated
20 times. The purpose of this phase was to give the robot a chance to learn the correlations
between the IR, vision, and motor modules. After the training phase, the robot started the testing

phase, which consisted of the robot seeking the reward and learning the correlation between the
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positions of the cue and of the reward, as described above (for more details about the learning
processes, see supporting information; Text S1 and Figure S1-6). The testing phase had 100
trials, where one trial was finished if the robot reached the reward or punishment or was timed
out (after 4,000 time steps). The training phase facilitated the testing phase, as the robot had to
learn the basic sensor and motor correlations necessary for moving within the maze. The results

presented later on only concern the testing phase.

2.2.1 Neural Network

In this section, we describe how the sensory or motor modules temporally updated their neu-
ral states. It is important to note that the neural network in this work is only intended as a
behavioural model, rather than as a model of biological neurons. The goal of this simplified
model is to focus on a dynamical structure emerged only from the interaction between body and

environment, which we expect will reveal an essential mechanism that causes VTE.

Just for simplification, the description here is different from that of the original model [5], but
it is still mathematically equivalent to the original version and satisfactory in terms of replication
of the model. Each module had a specific number of neurons (tactile 32, vision 20, IR 6, reward
1, motor 1), which were connected to neurons in other modules. The respective neurons were
composed of two units: state units and virtual units. The state units were set proportional to
sensory signals obtained from each sensors (and motors), and used to tune the Hebbian synaptic
weights. The virtual units provided a parallel pathway for sending signals to other modules,
which were activated by internal signals sent from other modules (illustrated in Figure 2-1B). The
reason for having the two types of unit was to separate the dynamics of Hebbian learning and
from the internal neural dynamics. The separation into two types of unit was necessary in order
to avoid an unwanted positive feedback in which simultaneous firing leads to a strengthening of
the connection, which results in a greater likelihood of simultaneous firing in the future. Although
the network structure that we used here was specific to the Bovet-Pfeifer model, we think the
obtained results do not depend on the detailed architecture of the model. The separation of
Hebbian learning from the internal dynamics is the most important in order to reproduce our

result. Both types of units were activated as follows:
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1) State units, to compute the Hebbian synaptic weights: State units ™ () were just set pro-
portional to the sensory signals. For instance, tactile stimuli from the 32 whisker sensors
gave sensory values (0 or 1) to the corresponding 32 nodes of zcm(t). The proportional
constants for the light, touch and reward modules were determined by the genetic algo-
rithm explained below. That of the IR was fixed to 1.0. Depending on the state units, the
weight matrix from module m to n (= W™"(t)) was updated using a modified version of
the Hebbian learning rule:

AW™™ () = 1+ (2" () Az™ ()" — a|Az™(£)|[W™™ (1)),

(2.2)
Wt 4 1) = W™ (t) + AW™(t),

where [ was the learning rate, v was the forgetting rate, and Aazm(t) was the difference
between the current and delayed state units (= :I:m(t) — a:m(t — T)). This equation
means that the weights from module m to n were strengthened when signals of module
n and the signal change of module m were both high. In other words, the weight matrix
encoded associations between sensory inputs, motors and reward signals. The reason why
the signal change was taken into account is because it often has meaningful information
rather than the state itself, as is explained by [5]. For instance, the motor state could be

correlated with optical flow rather than a stable visual image.

2) Virtual units, to send signals from one module to another: Depending on the Hebbian synap-
tic weights computed above, the virtual units ™ (t) were activated by signals sent from

the other modules by the following equation.

(4 1) = F(SemW™ (1) - AG"(1)), (2.3)

where f(x) was a sigmoid function (= 1.0/(1.04 e~ %*)) and Ax"(t) = &"(t) — x"(t),
i.e., difference between the virtual units and the state units of the nth module. The
virtual units did not have any effect on the learning rule, but they sent signals to the other
modules through the learned synapses. As an exception, the virtual unit of the reward

module (i’e‘”'“’d(t)) was not subjected to the update by Eq. 2.3 but constantly set to 1. The
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other virtual units than the reward module and all of the synaptic weights were set to 0
at the beginning of both the training and the testing phase. The virtual unit of the motor

module was equivalent to vy at the equation 2.1 to update the motor velocity.

The reason that the update function was based on AZ"(t) (i.e., the difference between
the state and virtual unit) is discussed in the supporting information (Text SI1 and Figure
S1-S4), and here we just give a summary. The virtual unit can often be interpreted as an
ideal state [4], in the sense that the the robot’s motion tends to make an actual state closer
to the virtual (or ideal) one. In the reward module, the virtual unit was constantly set to
1.0 as explained above, and the robot spontaneously chose actions to make the state unit
closer to it, i.e., receiving the reward (Text S1 and Figure S3). For the IR module, the

virtual unit give rise to wall avoidance behavior as described in Text S1 and Figure S1.

All aspects of the model were updated every N time step, with the exception of the reward states
and the robot’s velocity, which were updated every time step. /N was a parameter between 10
and 30, determined by the GA. The following are the steps that led to the generation of the

outputs:
1. Sensory information was transferred to the state units.

2. The Hebbian learning rule was applied on the weight matrix 1§/™" (t) depending on the

state units (equation 2.2).

3. The activities of the virtual units were updated (equation 2.3).

4. Finally, the virtual units of the motor module X" (¢) determined vy to calculate the

motor output (equation 2.1).

2.2.2 Set-Up of the Genetic Algorithm (GA)

Bovet’s robot relied on the following parameters: learning rates [ and forgetting rates « for each
directed pair of sensor or motor modules (57 x 2 = 40; equation 2.2), update frequency of
the neural network [N, 7 for the delayed states, the constants ¢ for the sigmoid function, C'

at equation 2.1 (for each training / test phase), the forward velocity v; (equation 2.1), and the
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proportional constants for the light, touch, and reward module. The authors did not mention
how one should select these parameters. However, we found that slight differences in their
value strongly influenced the performance of the robot. To tune these parameters and optimize
the performance of the controller, we employed a standard genetic algorithm [46]. we used a
population of 100 individuals to optimize the 49 parameters and used a tournament selection
with a single point cross-over operation with a probability of 70%, and 1% mutation rate. we also
applied elitism by simply copying the 5 best individuals to the next generation without applying a
mutation. The fitness function F(t) of an individual evaluated at the generation ¢ was calculated
as:
+95 points, if it reaches the reward.
F(t) = { +0.25 points, if it reaches the punishment. (2.4)

+0 points, if it gets timeout.

The fitness rewards were determined experimentally. The trials were repeated 100 times from

one fixed initial position, which gave a maximum fitness value of 500.

2.2.3 Plausible Mechanism to Generate the Reward Seeking Behavior

As was described above, we found several possible parameter sets by GA to maximize the fitness
value. Although those different parameter sets might result in various strategies, here we briefly
explain the most plausible mechanism to generate the reward seeking behavior of the robot as
explained in [5,6]. For more details, see supporting information (Text S1 and Figure S1-54). It
seems plausible that the reward seeking behavior was generated from the following two neuronal

paths learned by Hebbian rule:

Reward - vision — motor correlation: This path leads the robot to go to the previous reward
position. This can support the reward seeking behavior at the earlier stage of the T-maze

task, i.e., before acquiring the meaning of the tactile cue.

Tactile - motor correlation: This path lets the robot follow the tactile cue to make a correct
decision. At the beginning of the task, nothing about this path is not learned, but will

gradually be acquired by moving around the environment.
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The position of the reward changed every five trials of the T-maze task, so that the trials after
switching the reward position could give a conflict because of the two neuronal paths described
above. Namely, the first neuronal path would lead the robot to go to the past and wrong reward
position. The second path would tell the robot the correct reward position suggested by the
tactile cue. Therefore, before maturation of the synapses, this experimental setup could cause
a conflict-like behavior, or VTE. However, depending on the parameters, the robot could still

solve the maze by different learning procedures.

2.2.4 Neural Network - Minimally Connected Model

As the task presented in this paper is simple conditional learning, it can be performed using
a minimal network topology. In the neural network described above, the sensor and motor
modules were fully connected, which could be redundant to solve the task. On the other hand,
the minimal network we propose only had connections with a specific role to solve the task, which
was suggested by Bovet himself in [5]. In Figure 2-1C, the minimal network is described, which
has only the four neuronal paths; “touch - vision”, “IR — motor”, “touch — motor” and “reward
— vision — motor”, the last two of which were described above. we compared the behavioral

difference between the evolved but redundant network and the minimally connected network to

show the relevance of redundancy with VTE.

2.3 Results

As we have described in the previous section, we examined two types of neural networks in the
robot — a fully connected one and a minimally designed one. For the fully connected network,
we ran the GA 95 times. Of these, 22 runs produced a network that attained a maximum fitness
value (100% success). For the minimally connected network, 2 out of 5 runs of GA attained the
maximum fitness. we first counted the number of VTEs associated with these evolved robots.
In his experiment [108], Tolman counted the number of VTEs through the oscillations of the
rat’s head direction; i.e., one VTE was counted if the rat looked at one door and then it looked
at the other door. we followed this method for counting the number of VTEs in the robot. In this

experiment, since the robot did not possess an independent head from its body, we counted the
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left and right oscillations of the whole body as VTEs. More precisely, a VTE was granted when
the motor output vy from the equation 2.1 changed its sign. In order to filter noisy fluctuation
around the turning degree of 0, we counted a movement as a VTE when the sign change of vy
was larger than the threshold range [—7, T|, which was set to T = 0.3. As we discuss later,

the threshold T' = (.3 was varied to see the role of VTE.

The evolved robots showed different patterns of VTE that can be classified into three groups.
The classification was done by hand, and five out of the 22 evolved robots could not be classified
as they showed exceptional form of VTE. Therefore, we had 16 robots to be classified. Some
examples of VTE dynamics exhibited by individual robots are shown in Figure 2-3, and those of
all the 16 robots are shown in Figure 2-13 (black lines), which will be shown below in this paper.

The three groups are as follows:
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Figure 2-3: Examples of the number of VTEs shown by individual robots during the 100
trials. The X axis indicates the trial numbers, while the Y axis show the number of VTEs. HL:
High to low VTE. L: Low VTE. H: High VTE. Minimal: Minimal model.
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A high to low number of VTEs (denoted by “HL”) The number of VTEs increased at the early
stages and then gradually decreased after a certain point (Figure 2-3HL and 2-13HL). This
observation was similar to the experiments with rats [108,111]. we had four robots out of
the 16 that showed this type of VTE. For the robot shown in Figure 2-3HL, the number of
VTEs had its peak at 6th trial, when the position of the reward changed. As for the other
three evolved individuals in Figure 2-13, the second one also showed the VTE peak at the
6th trial. The third and the forth one took the peak at 7th. Therefore, VTE had its peak
just after the reward switching event. This peak disappeared later on after the robot had

more time to learn the task.

Low VTE (denoted by “L”) The number of VTEs was kept constantly low throughout the 100

trials (Figure 2-3L and 2-13L). Six robots exhibited this type of VTE.

High VTE (denoted by “H”) The number of VTEs was kept high (but temporally fluctuating)
throughout the 100 trials (Figure 2-3H and 2-13H). Five robots had this type of VTE. Two
out of the five robots had local maxima in the number of VTEs when the reward position

switched, while the other three did not.

The two robots with minimal connectivity (denoted by“Minimal”) were all classified as having
low VTE (Figure 2-3 Minimal). This suggests that the redundant connectivity between the sensor
and motor modules was necessary. In the next part, we investigated the mechanism of VTE to
show that VTE was generated from a chaotic neural activity.

As is shown in Figure 2-13, there is a continuum between HL and H robots, while the robots
of L (and Minimal) seem distinct from those two VTE-showing groups. Despite this difference
in the number of VTEs, each robot showed a perfect success rate (of 100%), which implies
that VTE is not directly related to the degree of performance in the T-maze task. This seems
inconsistent with what is observed in animal experiments [47, 115], where VTE is efficient for
learning performance. Still, bellow we suggest that VTE is efficient for robust learning under
environmental perturbation. In the remainder of this paper, we describe a possible mechanism
for generating VTE and then evaluate the function of VTE in terms of robustness and dynamic

stability. Finally, we discuss the effect of VTE on Hebbian learning.
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2.3.1 Mechanism behind VTE

Figure 2-4 shows an example of the temporal dynamics of the averaged synaptic weights in the
cases of HL and L. This entire time series consisted of 100 successive trials, with each trial being
comprised of roughly 15 to 150 neural time steps (i.e., measured by the number of updates of
the neural states) of starting from an initial position and ending at either end of the T-maze (or
running out of the assigned time duration). Here, we investigated the neural mechanism that
generates VTE.

The trajectories of the robot during the 100 trials are shown in Figure 2-5. It can be seen that
the HL robot showed unstable trajectories (Figure 2-5HL), while the L robot (Figure 2-51.) showed
stable ones. This observation suggests that the orbit that the HL robot took was destabilized,
while the orbit of L was stabilized.

Therefore, we hypothesized that VTE is generated from chaotic activity of the neurons. To
quantify the degree of chaos, we computed the maximum Lyapunov exponents (MLE), or an

index of chaos, by quantifying the instability of the orbits, which is defined by;
d(t) = doe™?, (2.5)

where d is the distance between the two neighboring points, while d(t) is the average divergence
between the two after ¢ time steps. If the d(t) exponentially increases with time ¢, then the
A1 converges to a positive value, where the system is regarded as chaotic. Rosenstein et al.
provided an algorithm for calculating the MLE from an experimental time series [89]. The MLE

was computed by the four steps:

1. Reconstruct k£ dimensional vectors X; = {X;, Tiir, ..., Ziy(k—1)r} from the given time series

{T1, 29, ..., xN]}, where T represents the time delay.

2. Choose the closest pairs of the reconstructed vectors and compute how the distance be-
tween the two develops over time. By using the fast Fourier transform (FFT), the mean
period 1" is computed, where closest pairs are selected from vectors that are not in the
same period. dj (@) denotes the distance evolved after 7th time steps between the jth pair

of the closest pairs. Distance between two vectors (x;, X;) is calculated by Euclidean norm
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Figure 2-4: Examples of synaptic weight dynamics of the HL and L during 100 trials. The X
axis denotes time steps, while the Y axis shows the strength of the synaptic weights. HL: High

to low VTE. L: Low VTE.
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Figure 2-5: Trajectory of the robot. Each trajectory of 100 trials is superposed. HL: High to
low VTE. L: Low VTE.

||Xi - Xj||-

3. The divergence rate of dj(i) is approximated as:
d;(i) = CjeM, (2.6)
where \; denotes the MLE. The equation above can be rewritten by:

In d](l) ~ )\1 -7+ In Cj. (2.7)

The logarithm of the distance d is proportional to \;, where we can estimate the value of the
MLE. Therefore, \; is estimated from a least-squared fit to the average line (y = (Ind;(7))),
which is obtained from sampling the N — (k — 1)7 pairs.

In the current experiment, we adopted the slope of the fitted line as the MLE only when
the R-squared value (i.e., the goodness of fitting) was larger than 0.8, and otherwise the MLE
was set to 0.0. When the estimated value was negative, then the value was also set to 0.0. In
general, negative Lyapunov exponents indicate the convergence speed of the two orbits, which
is insignificant after reaching a stable state.

The synaptic weights were not reset through the 100 trials, so the robot started each trial
with different initial weights (since it inherited the synaptic weights from the previous trial). We

thus fixed the synaptic weights to a initial weight set for each trial, and let the robot move in the
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T-maze without learning, where we obtained time series of neural activity to compute MLE. This
setup was to understand dynamical structure determined by the weight sets for respective trials.
We acquired roughly 15-150 data points of the neural activity from the run and obtained the
time series of the averaged neural activity for respective sensor or motor module. We used the
virtual unit 2™ (t) to create the time series for the motor module and the differences between
the virtual and state units Ax™ (t) for the other sensory modules. This is because the motor
value vy (equation 2.1) was equivalent to the virtual unit of the motor ™" (t), so that it was
more important than the differences Ag™o" (t) for determining the robot’s behavior. For the
other sensory modules, the differences AZ™ (t) propagated to the motor module to determine

V9, so that they were more effective on its behavior.

Figure 2-6 shows several examples of time series that were used for MLE computation. These
time series were obtained from the 32th trial as examples, for all of the 16 evolved robots. The X
axis shows time steps, while the Y axis indicates the activity level of neurons. Colors represents
sensory or motor modules, i.e., vision: gray, IR: purple, touch: green, reward: red, motor:
brown. This figure indicates that the neural activity appeared different depending on the type
of VTE. The HL and H robots showed oscillating and unstable neural activities, while the L and

Minimal robots exhibited rather stable activities.

Figure 2-7 shows the averaged MLE over the 100 trials, where the error bar indicates standard
deviation. We set k¥ = 4, and 7 = 1. The MLE is calculated for the respective five modules
of each of the 16 evolved robots, which are denoted by HL1, HLZ2, ..., Minimum2. We can see
that HL and H robots showed positive MLEs more often than the L and the Minimal robots. This
suggests that 1) Hebbian learning leads to both chaotic and non-chaotic neural activity even in
the same environment and 2) chaotic activity is positively correlated with the presence of VTE,

while non-chaotic activity is not.

In this part, we mention validity of the MLE estimation. We used time series that consists
of around 15-150 data points, which is quite small compared with a conventional way of MLE
estimation. For instance, Rosenstein et al. estimated the MLE of Logistic map, Lorentz attractor,
or Rossler attractor, by using 500-5000 data points [89]. Enough data points are needed to see
if the state converges into an chaotic attractor, because chaos is defined as an attractor that has

positive MLE. In this respect, our data might not have enough points to prove the convergence.
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Figure 2-6: Examples of time series used for the MLE computation. The time series presented
here is obtained from the 32th trial as examples, for all of the evolved 16 robots. The time
series is the averaged neural activity within a same module. The virtual unit ™ (¢) for the
motor module and the differences between the virtual and state units Aa?;m(t) for the other
sensory modules are presented. The colors of the lines represent sensory or motor modules, i.e.,
vision: gray, IR: purple, touch: green, reward: red, motor: brown.
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However, the MLE measured the divergence rate between neighboring pairs, so that it was still
able to explain the complexity of the time series. Indeed, the MLE that we obtained appeared to
explain well the time series as presented in Figure 2-6. Although our data were weak to prove
chaos, we mention the system with positive MLE as being “chaotic” in the following parts of this

chapter.

Note that the performance of each robot was very high (100% success) irrespective of the type
of VTE. This might be seen as paradoxical because one might expect the instability to break the
learned sensor and motor mappings that give successful behavior, resulting in low performance.
Therefore, we hypothesized that the robot with VTE might actively use VTE to complete the task,
not just as unstable head oscillations. This is evaluated in the next paragraph by calculating the

robot’s performance under perturbation of VTE.

The next step of our investigation was to determine whether VTE was a mere epiphenomenon
or if it had a specific role in completing the task. We took a HL. robot (HL.1), which is the same
one as that in Figure 2-3HL, and artificially prevented the presence of VTE at the motor level by
resetting the angular velocity to zero every time VTE was detected, forcing the robot to maintain
its current direction. Our hypothesis was that if VTE is a mere epiphenomenon and not necessary
for achieving the maze task, preventing it will not alter performance. On the other hand, if VTE
is necessary or at least helpful for the task, the prevention of VTE will decrease performance.
In order to test the hypothesis, we prevented VIE with a threshold 7". If the motor output vy
(equation 2.1) changed sign and the change was larger than the threshold range [—T, T], one
VTE was counted. We varied the VTE threshold from O to 1, where threshold = 0.0 meant
that any body rotation would be regarded as VTE and they were all prevented, while threshold
= 1.0 meant that no body oscillations were prevented (the original case). The results of this
analysis are shown in Figure 2-8. We found that introducing the threshold would always reduce
performance. The results show the absence of VTE inhibited the correct acquisition of the task
while maintaining an accurate control of the robot. Therefore, we considered that VTE is used
actively to complete the T-maze task. This result is consistent with experiments of real rats and
humans, where better performance is found in the presence of VTE [47,115]. In the next section

of this paper, the usefulness of VTE is linked to robustness of the behavior.
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Figure 2-8: Change in performance with blocked VTE. The X axis represents the threshold.
The Y axis stands for the success rates of the T-Maze task.

2.3.2 Robustness of VTE

To investigate the robustness of the robot’s behavior for each types of VTE, we analyzed its
performance under varying initial conditions. During evolution, the starting position of the
center of the body was fixed to (z,y) = (29,20), as shown in Figure 2-2. This experiment
explored whether perturbations to the starting position affected the performance by testing the
robot from different starting positions inside the central arm of the T-maze. The robot repeated
the task 100 times from different initial positions by changing (x,y) as x = 27,28, ..., 31 and
y = 5,6, ...,60 (280 initial positions in total). We calculated the success rates for each initial
position.

Figure 2-9 shows the results of the HL and L, respectively. The X and Y axis indicate the
coordinates of the central arm of the T-maze. Each pixel of the figure indicates the success
rate when the robot started the 100 trials from this position. This figure shows that the perfor-
mance was not constant for all the initial positions and allows a comparison of the variation in
performance between the two models. Figure 2-9HL gives an example of HL, where the robot
mainly obtained around 50% success rates, with several initial positions leading to success rates

of 100% or below 20%. On the other hand, Figure 2-9L shows an example of L, where the robot
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obtained mainly a success rates of 100% or 0% with several initial positions giving around a 50%
success rate, suggesting a higher variance of the success rate. This tendency is summarized by
Figure 2-10, which shows the average and the variance of the success rates for every evolved
robot. Figure 2-10A indicates the average of the success rates, showing that the types of VTE
do not have varying impacts on the average success rates. On the other hand, Figure 2-10B
shows the variance of the success rates — the HL robots kept the variance under 400 (red line),
while the other three groups had a variance above 550 (p < 0.01; student rtest). Therefore,
despite the 4 groups had a similar average performance, the HL robots withstood changes in
its initial position, while the other types were strongly affected by those changes. This result
suggests that the presence of the HL type of VTE, which is similar to that of the rats [108,111],
is associated with a higher level of robustness. Animal experiments could be performed to test
this hypothesis. Robustness acquired by VTE also explains why the prevention of VTE lowered
the overall performance of the robots. Namely, preventing VTE will reduce robust control, and

destabilize the behavior.

HL L
100

50

Success rate (%)

Figure 2-9: Examples of the average success rates for each starting positions. Each grid cell
is filled with a colour representing the success rates when a robot starts the task from within the
grid cell. HL: High to low VTE. L: Low VTE.

To further investigate the robustness of the evolved controllers against environmental change,
we carried out the same experiments with different T-maze sizes. We varied the length of the
width and height of the T-maze, and calculated the average and the variance of the success rates

for every starting position. Figure 2-11 shows the variance of the success rate, where the HL
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Figure 2-10: Average and variance success rates over all the initial position (N=280). Red,
green, blue and pink bar indicate the results of HL, L, H and Minimal respectively. A: Average
success rate. B: Variance of success rate.

robots did not change their performances with respect to the variance, while the robots in the
other three groups were affected by a slight change in environmental size. This result confirms

that the presence of VTE can be an indicator of the robustness of behavior.

2.3.3 Effective Use of Hebbian Learning

We have shown that VTE is used actively to achieve the T-maze task, rather than serving as
mere oscillations of the head direction. This leads to the question of why the destabilized orbit
by VTE guarantees the best performance of the robot. We hypothesized that the destabilization
by VTE enables continuous learning of the environment, while too much stable dynamics found
in non-VTE robots creates a loss of adaptability in learning. To investigate this hypothesis, we
conducted the following two experiments:

1) First, we varied the position of the reward by moving it further away within the same
branch of the T-maze. This means that the robot could not get the reward in the expected
position. If the robot was continuously gathering information from the environment, then this
set-up would create a contradiction between the expectation and the sensory information. On

the other hand, if the robot was solving the maze just by reflex to the tactile cue, then it would
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Figure 2-11: Examples of the variance of the success rates with different environmental size.
The X and Y axis show the size of X and Y in the figure 2-2. The Z axis shows the variance. HL:
High to low VTE. L: Low VTE. H: High VTE. Minimal: Minimal model.

be still successful, regardless of the reward position.

The results of this experiment are shown in Figure 2-12: all of the HL robots and some H
robots reduced their success rates (Figure 2-12HL and H), while most of the L. and Minimal robots
maintained their high success rates (Figure 2-12L and Minimal). As these results suggest, the HL
robots modified their behavior by continuously gathering information from their environment.
On the other hand, the behavior of the non-VTE robots (L. and Minimal) was only dependent
on the cue command, and not on the reward position, so that they seemed just to obey the cue

command, which is reflective rather than ongoing decision making.

2) Second, to evaluate the effect of learning, we compared the performance of the robots
with and without learning. Originally, the synaptic weights were continuously updated through
the 100 trials, so that the robot started each of the 100 trials with different initial weights.
Therefore, we had 100 initial weight sets, one for each corresponding trial. In the no-learning
condition, the robot started each 100 trials with an initial weight set corresponding to the trial,

where the synaptic weights were fixed and not updated. In the learning condition, a robot
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axis shows the length to the goal, while the Y axis indicates the success rates. HL: High to low

VTE. L: Low VTE. H: High VTE. Minimal: Minimal model.
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updated its weights in the same way as the original experiment. For each trial, we computed the
performance by perturbing the initial conditions, similar to what we did previously for computing
the robustness; i.e., the initial position was changed for every grid inside the central arm of the
T-maze.

Seventeen examples of these results are shown in Figure 2-13. The red line shows the
success rates with learning, while the green line indicates success without learning. The black
line indicates the number of VTEs observed in the original condition (i.e., with learning activated
and from the original starting point; the same condition as Figure 2-3). For the HL and H robots,
the performance was worsened or almost the same when the learning was deactivated. On the
other hand, the L and Minimal robots improved performance without learning. This tendency
suggests that the robots with VTE utilized learning to maintain their performance, while, for
those without VTE, the learning process did not work properly.

We have therefore concluded that the destabilized orbit generated from VTE allows con-
tinuous learning by gathering information from the environment, which means that the robots
are performing embodied cognition, i.e., ongoing generation of their behavior from interaction
between the body and the environment. On the other hand, the robots without VTE are not

embodied in their environment, which does not allow ongoing learning.

2.3.4 Multiple time scales observed in HL robots

To evaluate information flow in the neural network, we calculated transfer entropy (TE), which
measures directed information flow from one node to another [2,65,95,103]. For the definition
of TE, see Chapter 3 Section 3.3.3.

To compute TE, we binarized neural activity into O and 1, where we applied it to the virtual
unit ™ (t) for the motor module and the differences between the virtual units and state units
Ax™ (t) for the other sensory modules. The threshold to banalize the raw data is currently set
to 0.1. To evaluate information flow in different time scales, we compressed the binarized data
with a different bin-length denoted by A¢. Namely, neural spikes (i.e., value 1) within the same
bin were regarded as one spike. If At = 1, the obtained time series represents the original
binary data, while a larger /At represents the macroscopic behavior created by an ensemble of

neurons.
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Figure 2-13: The number of VTEs for the evolved 16 robots, and comparison of the perfor-
mance between with and without learning. Each figure represents the result from an individual
robot. The scale of each axis is the same in every figure. Red line: Success rate when the learning
is on. Green line: Success rate when the learning is off. Black line: Number of VTEs observed in
the original condition (i.e., with learning activated and from the original starting point; the same
condition as Figure 2-3). HL: High to low VTE. L: Low VTE. H: High VTE. Minimal: Minimal
model.
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Figure 2-14 shows examples of TE in the HL and L robots, where an directed edge is drawn
from one neuron to another if the directed pair of neurons showed higher transfer entropy than
a threshold (which is currently set to 0.04). The colors of the lines represent modalities of the
pre-synaptic nodes: vision: gray, IR: purple, touch: green, reward: red, motor: brown.

These figures indicate that the HL robots show different topological structure depending on
the time scales: For instance, edges from the reward and IR modules are observed with smaller
At, while the motor module became dominant with larger At. On the other hand, the robot
belonging to L group did not have noticeable peaks compared to those of HL and H.

Figure 2-15 shows ratio of the edges toward all the possible edges (vision: 1200, IR: 360,
touch: 1920, reward: 60, motor: 60). The subfigures in the figure represent the results respec-
tively from the evolved 16 robots. The X axis represents time scale At, while the Y axis shows
ratio of the edges over all the possible edges. The colors of the lines correspond to respective
modules in the same way as in Figure 2-14 (i.e., vision: gray, IR: purple, touch: green, reward:
red, motor: brown). From a simple observation of this figure, in the HL and H robot - i.e.,
VTE-showing robots, the ratio of the edges varied in accordance with At. On the other hand,
the robot belonging to L. and Minimal groups —i.e., non VTE robots — appeared not to show huge
differences in the number of edges. This result indicates that regulation of proper time scales

was more important in the VTE-showing robots.

2.4 Discussion

VTE is a behavior observed in experiments with rats that seems to suggest self-conflict [72,73,
108]. It is mainly observed when rats are uncertain about making a decision; e.g., when they
make a mistake or change their strategy [94]. The presence of VTE is regarded as an indicator of
a deliberative decision making process; i.e., the process of searching, predicting and evaluating
future outcomes [111]. Deliberative decision making is an opposite notion to an automated
decision making process, such as habituation or reflex, and is computationally slower, while it
can allow ongoing control to achieve flexible behavior. In fact, better performance is found when
animals show VTE [47,115].

In this paper, we have tried to show the underlying mechanism responsible for the obser-
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Figure 2-14: Examples of networks obtained from transfer entropy. An directed edge is
drawn from one neuron to another, if the directed pair of neurons showed higher transfer entropy
than a threshold (which is set to 0.04). The colors of the lines represent modalities of the pre-
synaptic nodes: vision: gray, IR: purple, touch: green, reward: red, motor: brown. HL: High to
low VTE. L: Low VTE.
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Figure 2-15: The ratio of edges over all the possible connections obtained from TE. Each
subfigure corresponds to each of 16 evolved robots. When a directed pair of neurons showed
higher transfer entropy than a threshold (which is currently set to 0.04; e.g., Figure 2-14), an
edge is drawn. The X axis represents time scale At, while the Y axis shows ratio of edge over all
the possible edges. The colors of the lines represent modalities of the pre-synaptic nodes: i.e.,
vision: gray, IR: purple, touch: green, reward: red, motor: brown. HL: High to low VTE. L: Low
VTE. H: High VTE. Minimal: Minimal model.
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vation of VTE and the advantages provided by it to demonstrate that VTE is associated with
the chaotic activity of neuronal dynamics (Figure 2-5 and 2-7). We modelled VTE in a simulated
robotic experiment based on [5], which is a simplified abstract model of learning beings. The aim
of this work is not to imitate biological structure of animals, but to construct an abstract model to
understand essential mechanism that causes VTE. We expected that this simplified model would
show 1) an emergent property of VTE just from a body-environment interaction, 2) the necessary

mechanism behind VTE, and 3) the effects of VTE on behavior.

As observed in this work, the spontaneous learning of the correlation between a cue and the
location of the goal is achieved after repeatedly exploring the environment. We found that some
robots showed conflicting behaviors similar to biological VTE patterns reported in experiments
done with rats [108, 111]. A common feature is that the highest frequency of VTE was found
at the beginning of the learning stage and gradually diminished after mastering the task (Figure
2-3). Especially at the 6th or 7th trial, which were just after switching the reward position, the
robot showed the highest number of VTEs. This could be the results of the interaction between
the two neuronal pathways mentioned earlier in the method section; i.e., one path (reward —
vision — motor) leads the robot to go to the previous reward position (wrong decision), and the
other (tactile — motor) lets it follow the tactile cue (correct decision). Therefore, we concluded
that the head movements observed here were similar to real VTE, because they appear to be
elicited from a conlflict, rather than mere oscillations caused by immature synapses. In the
following analyses, we collected more evidences that VTE found in this experiment was not
just an epiphenomenon expressed through head oscillations, but actually improved the learning

performance of the robot.

We found that with different parameters the robot showed other patterns of VTE, which we
classified into three groups: high at the beginning and low afterward (HL), low during the whole
learning period (L), and high all the time (H). Those robots belonging to the L and H groups
could have different strategies from that explained in the method section. Interestingly, VTE was
found only in some neural networks with redundant connectivity, while networks with a minimal

ensemble of connections failed to show VTE.

Figure 2-16 summarizes two learning processes with and without VTE. A learning process

with VTE (Figure 2-16 left; red line) will go through several steps. First, neurons display chaotic
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activity, which creates an exploration motion pattern that allows the sensory inputs to fluctuate
and vary constantly. When the chaotic dynamics is maintained, it prevents the robot from falling
into a stable attractor. Therefore, the robot repeatedly learns the same environment under
different conditions by exploring different paths. This prevents the convergence of the synaptic
weights, allowing adaptive control of the behavior (i.e., if an unpredictable event happens, the
robot can smoothly adapt to it; Figure 2-12 and 2-13). We believe that these are the advantages
of the VTE, as can be seen in Figure 2-9, 2-10 and 2-11). On the other hand, a robot not showing
VTE (Figure 2-16 right; blue line) displays a stable activity of its neurons, which lacks the chaotic
instability, leading finally to settle into a periodic motion behavior. Such a stable behavior is not
conductive to adaptability in general. Therefore, we have verified that the presence of VTE
endows the robot with the ongoing control necessary to achieve adaptive behavior. Different
from a mere reactive behavior, a robot showing VTE can adjust its behavior to the task, thereby
improving its behavior pattern. The ongoing learning found in the VTE-showing robots is also a
feature of deliberative decision making, so that this experiments computationally supports that,

although it is indirect, a link between them [94, 111].

We can paraphrase the above observation by making the following statement: VTE adds
“internal” noise to the system’s behavior, so that the performance is automatically geared toward
robustness; as a consequence, robots without VTE fail to extrapolate the correct behavior from
inexperienced sensory inputs. VTE is associated with the chaotic activity of neurons, where
Hebbian learning continuously reorganizes the connectivity patterns, which results in robust

behaviors.

The parameters of the robot were evolved through a genetic algorithm, and based on the
parameters, the robot had to learn the task by Hebbian learning. Hebbian learning is focused
on the autonomous and on-line control of the robot’s movements, which we believe to be a
biologically plausible learning mechanism. Contrary to a widely used method for controlling
robots (e.g., back propagation, which tunes synaptic weights to minimize the error between the
expected outputs and its own [92]), Hebbian learning does not require any explicit functions.
Due to the lack of the reward function, it is difficult to control robots to solve complex tasks, yet
Hebbian learning is an important piece of the mechanisms responsible for the capacity to learn

and to memorize information. Although the network structure we used here was specific to the
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Figure 2-16: Diagrams showing overall dynamics with and without VTE. A: The path with
VTE exhibits the following. 1) Neurons showed chaotic activity, which destabilises the orbit,
making sensory inputs fluctuate and vary constantly. 2) When the chaotic dynamics is main-
tained, it prevents the robot from falling into a stable attractor. 3) The robot repeatedly learns
the same environment under different conditions by exploring different paths, allowing flexible
and embodied control of behavior, resulting in robust efficiency. B: A robot not showing VTE
displays a stable activity of its neurons, leading to a periodic sensory input pattern. This fixed
pattern of sensory inputs gives only a weak effect on Hebbian leaning, which results in a fragile
reaction to environmental perturbations.

Bovet-Pfeifer model, we think the obtained results do not depend on the detailed architecture
of the model. However, we believe that the separation of Hebbian learning from the internal
dynamics is an important feature of the model, which is necessary in order to reproduce these

results.

Transfer entropy analyses showed that the HL robots had various time scales. This result
indicates that having various time scales in a neural network contributes to 1) generation of VTE,

and 2) robust control of behavior allowed by VTE.
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2.5 Conclusion

To conclude, we believe that linking explorative motions like VTE, chaotic activity, and robust
learning is the way to understand how Hebbian learning functions in the real brain system. The
connection between robust learning and VTE is consistent with previous research [2,6], in which
rats/humans were found to exhibit a better performance when they showed VTE. Perhaps the
biologically missing piece is whether chaos is truly part of the mechanisms how the real brain
works [26]. We believe that VTE is an essential phenomenon for understanding how the brain
works, but, as it is still important to determine whether chaos is an epiphenomenon caused
by VTE or the mechanism that causes VTE, the relationship between chaos and VTE must be
carefully investigated further in animal experiments (e.g. [52,94,111]).

We demonstrated that wide range of time scales were spontaneously organized through learn-
ing. In addition, our results presented in this chapter suggest the contribution of various time
scales to robust control of behavior. By combining the results from Chapter 3, we discuss it in

the concluding chapter Chapter 4.
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Chapter 3

Multiple Time Scales Observed in
Spontaneously Evolved Neurons on

High-density CMOS Electrode Array

Spontaneous evolution of neural cells was recorded around 4-34 days in vitro (DIV) with high-
density CMOS micro-electrode array, which enables detailed study of the spatio-temporal activity
of cultured neurons. We used the CMOS array to characterize 1) the evolution of activation
patterns of each putative neurons, 2) the developmental change in cell-cell interactions, and
finally, 3) emergence of multiple timescales for neurons to exchange information with each other.
The results revealed not only the topology of the physical connectivity of the neurons but also
the functional connectivity of the neurons within different time scales. We finally argued the
relationship of the results with “functional networks”, which interact with each other to support

multiple cognitive functions in the mature human brain.

3.1 Introduction

How can the gap between living and nonliving matter be bridged? Since 1987 when Artificial Life
was launched by Christopher Langton, we have not answered this question. Rodney Brooks wrote
in the paper (2001) that there are four possibilities why we still cannot make living machines: 1)

An alife model is correct, but several parameters were set incorrectly; (2) an alife model needs
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more complexity; (3) we need more computational power; and (4) a new fundamental law in
addition to the laws of physics is needed. In this paper, we search for the possibility of (2) yet
unrevealed laws of neuro-dynamics, by studying cultivated neural cells on a glass plate.

Biological neurons are cultivated on a glass plate from neural “seeds”. The seeds develop
into either neural or glia cells. Neurons have cell bodies, axons, and numerous dendrites, which
the neurons use to connect with each other. An unique characteristic of the present study is that
the action potential from neurons was recoded by using a CMOS array glass plate. As we will
describe later, each CMOS is the same size order of the neurons. Therefore, by using the CMOS
array, it is possible to record the time series of each neural firing. A remarkable aspect of this
biological neural network is the developmental process. The entire time course of the growing
process can be recorded with the CMOS array. We analyze the time series data to characterize
the developmental dynamics.

A disadvantage of this experiment is that there is no way of designating which neurons
connect to which. We thus measure the information transfer from the time series to infer the
neural connectivity. This method reveals not only the topology of the physical connectivity of
the neurons but also the functional connectivity of the neurons within different time scales. A
finding here is that growing biological neurons use different time scales to exchange information
with each other.

This chapter is organized as follows. In Section 3.2, the specifications of the CMOS array and
the biological conditions for the neural cells are provided. The method for cultivating cells and
associated techniques are also described. In Section 3.3, the analyzed results are presented. The
activation patterns of each cell are quantified with inter-spike intervals (ISIs). Cell-cell interaction
is also inferred by transfer entropy (TE), which reveals that multiple timescales emerge from the

neural network. Finally, in Section 3.4, this chapter is summarized.

3.2 Materials and Methods

To measure the electrical activity of cultured neurons, we used a high-density CMOS micro-

electrode array ! [33]. The CMOS array is pictured in Figure 3-1A. This array is an emerging

All procedures were approved by the institutional committee at the University of Tokyo, and were performed
in accordance with the Guiding Principles for the Care and Use of Animals in the Field of Physiological Science of
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instrument for investigating the spatio-temporal activity of cultured neurons in detail. The CMOS
array has 11,011 recording sites with an inter-electrode distance of 18 pm, i.e., in the order of
cell body size, and a sampling rate of 20 kHz. This high spatio-temporal resolution allows precise
recording of action potentials from the identified cell bodies of neurons. Using this high spatial
resolution, neural somata are localized and their activity is recorded.

This CMOS array is superior to conventional microelectrode array (MEA) [29, 105, 112] in
respect of spatio-temporal resolution: The locations of recording sites in conventional MEAs
are predetermined, with an inter-electrode distance of 200 pm, so that it is difficult to identify
signals from an individual cell, and neurons far from these recording sites are not included.
Alternatively, optical imaging can be used to study the Ca™™" dynamics of any neuron of interest;
however, the temporal resolution is not high enough to characterize the action potentials of each

neuron.

A

Figure 3-1: The High-density CMOS array. A: Appearance. B: A picture to show the configu-
ration of electrodes. Interval of each electrodes is close to the cell body size.

Dissociated neural culture The neural cultures were prepared from the cerebral cortex of
E18 (embryonic 18) Wistar rats. The cortex was triturated with trypsin and dissociated
cells were plated and cultured on high-density CMOS microelectrode arrays coated with
polyethylenimine and laminin. For the first 24 h, the cells were cultured in neurobasal

medium containing 10% horse serum, 0.5 mM GlutaMAX and 2% B-27 supplement. After

the Japanese Physiological Society.
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the first 24 h, half of the medium was replaced with growth medium in the form of Dul-
becco’s modified Eagle’s medium with 10% horse serum, 0.5 mM GlutaMAX, and 1 mM
sodium pyruvate. During the cell culturing, half of the medium was replaced once a week
with the growth medium. The cultures were placed in an incubator at 37 °C with an H,O-
saturated atmosphere consisting of 95% air and 5% CO,. We prepared for two conditions
with different densities of neurons. The denser chips had 35,000 cells plated, denoted
as Chip#1D and Chip#2D, while the sparser ones had 14,000 cells, termed Chip#1S and
Chip#2S. The number of the active neural somata was around 100, which was estimated
by the array scanning (detailed in the next part). Although the reason is not clear, the
other cells, which were not detected as somata, may be either inactive cells, glia cells, or

dead cells.

Recording of neural activity Neural activity was recorded with high-density CMOS microelec-
trode arrays. Before the neural somata activity was recorded, almost all of the 11,011
electrodes were scanned to obtain an electrical activity map with which we estimated the
locations of the somata. A scan session consisted of 95 recordings; each recording was
conducted for 60 sec with about 110 electrodes that were selected randomly, while avoid-
ing overlap with already selected electrodes. An electrical activity map was obtained from
the scanned data by calculating the average height of the spikes for every electrode. It
was assumed that the neural somata were near the local peaks in the Gaussian-filtered
electrical activity map. About 100 of the higher-level peaks were selected, and then the
nearest electrodes were selected for recording. If the number of local peaks was fewer
than 126, then all the peaks were selected. The electrical activity of the selected elec-
trodes was recorded for 30 min. All recordings were done at a 20-kHz sampling rate
using the LimAda spike detection algorithm [116] with a threshold of 5.0. Unexpected

double-detected spikes were removed from the data before the analysis was conducted.
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3.3 Results and Discussion

3.3.1 Simple observation of activity patterns

First, we observed the activation patterns of the neurons by examining the time series of the
neural spikes. Figure 3-2 shows examples of raster plots of Chip#1D and Chip#1S. Chip#2D
and Chip#2S showed similar tendency to their respective counterparts (data not shown). The
data plotted here are a compressed version of the raw data with a different bin-length, which is
denoted by At. Namely, spikes within the same bin are regarded as one spike. If At is smaller,
the time series represents single spikes generated from each single neuron, while a larger At
represents the macroscopic behavior created by an ensemble of spikes. In Figure 3-2, the data
are plotted in At = 0.6 ms and 100 ms. At the top of each raster plot, the activation ratio
is displayed. We chose At = 0.6 ms and 100 ms as the examples by two reasons; a single
spike of neurons lasts around 1 ms, while, observably from Figure 3-2, synchronous activation
of neurons is detected around At =10-100 ms. Therefore, we took At = 0.6 ms to capture
interaction between individual cells (microscopic), while A¢ = 100 ms is to observe collective
activities generated from an ensemble of neurons (macroscopic).

As shown in Figure 3-2A right, the Chip#1D neurons at days in vitro 7 (DIV 7) are activated
intermittently in synchronization. This activation pattern was burst synchronization, in which an
ensemble of neurons has active and silent phases; in the active phase, synchronous activation of
the neurons is intermittently observed. The burst synchronization is a typical activation pattern
observed in cell cultures [67]. On the left of Figure 3-2A, the silent phase of the neural activation
is magnified with At = 0.6 ms. Neural spikes are observed sparsely, which suggests that each
neurons was activated independently from others.

On the other hand, at the later stage (DIV 14) of the Chip#1D, burst synchronization is not
observed (Figure 3-2 B right). Instead, we observed each neurons shows different activation
patterns; i.e., some neurons were activated almost all the time, some showed spikes less often,
and others remained silent. These neurons seem to be activated at different frequencies. The
left of Figure 3-2B shows that, at At = 0.6 ms, a single spike is followed by another, which
suggests that one single spike can activates another. In contrast, Chip#1S showed the burst

synchronization throughout the entile recording period (Figure 3-2C and D).
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To summarize the results thus far, burst synchronization was observed in two conditions;
in the earlier developmental stage of the dense cell condition, or in the sparse cell condition.
In those cases, any single spikes hardly activate another. In the later stage of the dense cell
condition, the neurons spiked at various frequencies, where single spikes induce others.This
tendency is explained by the maturity of synapses. At the earlier developmental stage, the
synapses are not mature; therefore, a single spike cannot activate another. Still, if the neurons
send spikes at the same time (synchronous bursts), the signals become enough strong to activate
each other. In contrast, at the later stage of development, the synapses were enough strong to

transmit a single spike from one neuron to another.
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Figure 3-2: Examples of the raster plot of the cultured neurons. The X axis denotes time
(s). The Y axis represents the indexes of the recording channel, where one channel can be
considered as one neural cell. The subfigures at the top of the raster plots shows the spike rate.
A-D: Results for Chip#1D and Chip#1S with different DIVs. A¢ = 0.6 ms (microscopic) and
100 ms (macroscopic).
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3.3.2 Single cell activity evaluated with ISI

In the next step of the analysis, we quantified the activation patterns of each neuron. Therefore,
we analyzed the inter-spike intervals (ISI) distribution of the neural activity. Figure 3-3A depicts
examples of ISI distribution recorded from putative single neurons cultured in Chip#1D. In the
earlier culture stage (DIV 7; Figure 3-3A left), exponential decay was observed, while the neurons
tended to obey the power law at DIV 14 (right figure). To quantify this tendency, we plotted the
ISI frequency on a logarithmic scale, and we fit the slope with a straight line by the least squared
method. If the ISI distribution follows the power law, the distribution should be a straight line,
so that the R-squared value is an index of fitting the power law.

Figure 3-3B shows the average of the R-squared values over each neuron; the values tended
to increase in Chip#1D, Chip#1S and Chip#2S. Especially, Chip#1D shows a drastic increase at
DIV 10, which suggests the neural activity became closer to the power law. Chip#2D also shows
a higher R-squared value throughout the entire recording period. The recordings for Chip#2D
started from DIV 17, which explains the result is similar to the later stage of Chip#1D.

The power law means that each neuron exhibited a wide range of ISIs. It may be related to the
observation from the raster plots (Figure 3-2), which showed that a wide range of frequencies
between neurons were observed at the later development stage. To sum them up, a broader
range of time scales likely emerges after synaptic maturation. However, from this ISI analysis,
it is not possible to understand how those cultured neurons interact with each other to generate

the activity patterns. In the next part, we then investigated neuron connectivity.

3.3.3 Cell-cell interaction inferred with transfer entropy

We used transfer entropy (TE) to estimate the effective connectivity for transferring information
from one neuron to another. TE measures directed information transfer, which detects causal
relationship between two time series [2, 65,95, 103]. For instance, higher TE from one neuron
to another indicates that the first neuron strongly affects the second. Therefore, TE enables to
find the functional synaptic connectivity. The specific definition of TE is presented in Section
. We applied it to artificial neural networks to ensure the validity of TE to estimate effective

connectivity. Then, we applied TE to the cultured neural cells to infer their topology.
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Settings of artificial neural networks TE analysis was first applied to a computational neu-
ral model. The model was built around Izhikevich neurons connected through artificial
synapses [51]. The Izhikevich neurons form a simple model of cortical neurons that is
implemented by a system of two differential equations modeling the membrane potential
and the refractory period. When the membrane potential reaches a threshold value (for
instance, 30 mV), a spike is emitted. This spike is transferred to post-synaptic neurons
through some shared synapses. The voltage on arrival is the original spike strength, mod-
ulated by the efficacy of the synapses. For instance, an initial spike of 30 mV traveling on
a synapse with an efficacy of 0.5 delivers a voltage of 15 mV to the post-synaptic neuron.

Every synapse has a delay of 1 ms between the time of emission and the arrival of a spike.

The complete model is composed of seven neurons: four input neurons receiving ran-
domly generated external stimulations, two internal neurons and one output neuron. The
parameters for the Izhikevich neurons correspond to the regular spiking model(a = 0.02,
b=0.2,¢c=—65mV and d = 6). Different types of connectivity patterns have been
tested, ranging from fully interconnected to sparse (Figure 3-4A-C). The strength of the
connection is randomly assigned based on uniform distribution. Every update of the model
represents a 0.1-ms step in time, which ensures the model’s mathematical stability. The

total duration of a test is 1000 s, which corresponds to 10,000,000 updates of the model.

Estimated connectivity of the artificial network From the time series of the artificial neural
activity, we calculated the TE from one neuron to another. Using the TE, we estimated the
network structure of the artificial neurons. A synaptic connection from one to the other
was assumed when the TE in a directed pair of neurons was higher than a threshold,
which was currently set to 0.05. Then, we compared the topology of the reconstructed
network and the original network shown in Figure 3-4A-C. The number of false edges for
each topology is shown in Figure 3-5. There are two types of false edges: one is false
positive, and the other is false negative. False positive means the edge that is estimated
to exist, but actually not, while false negative represents the edge that exist in the original
topology, but is estimated to be there. Figure 3-5 shows the sum of the false negative

and positive. At in this figure is the same one as previously used, which represents the
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bin-length of the compressed time series. This figure shows that the optimal parameter
set to reconstruct the original topology depends on the dimension of the past variables (k

and [) and At.

The result ensures that the effective connectivity to transmit signals by TE is estimated.
However, a good approximation depends on the dimension and time scale At. We used
various At to get a good approximation of the effective connectivity in the cultured neu-

rons.

Estimated connectivity of cultured neurons Figure 3-6 shows some examples of the estimated
network structure of neurons. This depicts the network of Chip #1D DIV 14 with different
At (= 0.6 ms, 1 ms and 10 ms). An edge is drawn if the TE from one neuron to another
is higher than the threshold, which was set to 0.00001. The threshold is determined
arbitrarily, but to display dynamical change in connectivity patterns. The first observation

about this figure is that different topology is structured depending on At.

Development of functional connectivity Figure 3-7 shows network structure obtained with
At = 0.6ms and 10ms through development. The upper figures for each chip correspond
to At = 0.6ms and the lower ones denote At = 10ms. This figure shows that functional
connectivity changed over time, where different network structures were observed with

respective time scales.

As shown with the artificial neural network, each connection may not have the same op-
timal A¢ to estimate connections. Based on [79], we used the optimal At to understand the

information flow in the network.

3.3.4 Optimal time scale to convey information

As observed, the cell-cell interaction estimated from the TE analyses depends on the time scale
At, so that we evaluated the optimal At to estimate the network structure better. We defined
the optimal At as At* that maximizes TE. At* was calculated for each directed pair of neurons.
Information was considered to be transferred most effectively with the At*. Therefore, the A¢*

exhibits effective synaptic connectivity from each neuron to another.
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Figure 3-7A and B depict At* from one neuron to another in Chip#1D and Chip#1S respec-
tively. Edges are drawn if TE at the A¢* is larger than the threshold (= 0.00001; same as the
one used above). The color indicates the value of At*, where red represents At* smaller than
10 ms and blue indicates larger. We defined At* = 10 ms as a threshold to assign color, be-
cause burst activity was observably detected with A¢ larger than 10 ms (Figure 3-2). Hereafter,
we call At* < 10 ms “the smaller At*”, and At* > 10 ms “the larger At*”, where we divide
the activity pattern into microscopic and macroscopic using this threshold.

Interestingly, the smaller At* coexisted with the larger At* (Figure 3-8A and B). In addition,
this figure shows that there were several intervening neurons that have both red and blue edges.
This implies that microscopic and macroscopic activity can exchange information with each
other.

Figure 3-9 shows the A¢* distribution. Several tendencies were shared by all of the chips:
1) As DIV increased, At* became distributed in a wider range, or more specifically, smaller A¢*
than 10ms became observed more often after DIV 12 for the dense condition (Chip#1D and
#2D) and after DIV 16 for the sparse condition (Chip#1S and #2S). This suggests that causal
relationships between neurons became happening in a shorter period. This is consistent with
the observation in Figure 3-2B that a single spike was followed by other spikes within a shorter
period. Additionally, 2) the number of peaks in the frequency of At* became high compared
to the earlier stage of the development (i.e., DIV 7-8 as shown in Figure 3-9). Namely, the
frequency of At* varied. From those observations, it is plausible to say that information became

transferred at multiple time scales in a wider range through development.

3.4 Conclusion

We characterized neural activity cultured on a high-density CMOS array. The neurons showed
different activation patterns depending on the density and age (days in vitro; DIV). The neurons
did not receive external inputs, but still spontaneously evolved. The neurons were cultured in
two different conditions, i.e., dense or sparse.

When the cell density was high, the neurons showed burst activity first, and afterward, each

neural cell activated at a different frequency (Figure 3-2A, B). Some were activated all the time,
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some showed spikes intermittently, and others remained silent. The ISI distribution of each cell
became closer to the power law as the DIV increased (Figure 3-3), which suggests a single cell
evolved to show a wider range of time scales. These results suggest that neural activity exhibits
a wider range of time scales as the synapses mature. This tendency was shown clearly with TE
(Figure 3-7). At the earlier stage of development, TE was mainly maximized at a larger time
scale, while, at the later stage, TE was also maximized at a smaller time scale (Figure 3-9).

A mature human brain is a collection of functional networks, each of which corresponds to
a different cognitive function [30]. In this chapter, we insist that even a neural network on a
glass plate spontaneously develops multiple “functional networks”, which can be distinguished
in terms of the time scale determined by effective information transfer. Without relevant sensory
input, we cannot say the networks are functional in the proper context of brain science; however,
we speculate that the spontaneous development of “functional networks” is a candidate for the

brain functional network.
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topology 1 topology 2

Figure 3-4: Topology of the original network used in the computer simulation. Three con-
nection patterns were used.
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Figure 3-6: Examples of the network structure of the information flow created by TE. The
data used here is from Chip#1D DIV 14. At = 0.6 ms, 1 ms, and 10 ms. The TE threshold to
draw edges was set to 0.00001.
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Figure 3-7: Network structure obtained with At = 0.6ms and 10ms. A: Results for Chip #1D.
B: Results for Chip #1S. The upper 6 figures in each A and B correspond to At = 0.6ms and
the lower ones denote At = 10ms. The TE threshold for drawing edges is equal to 0.00005.
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Figure 3-8: Examples of network structures obtained with At¢*. A: Results for Chip #1D. B:
Results for Chip #1S. The color indicates the value of At*, where red represents At* smaller
than 10 ms, and blue is for a larger At*. The TE threshold for drawing edges is equal to 0.00001.
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Chapter 4

General Discussion

This concluding chapter summarizes the results obtained throughout the thesis, discusses the
general principles that can be drawn from the behaviors observed in the preceding chapters,

and considers future perspective of the proposed approach to the study of adaptive behavior.

4.1 Summary

As mentioned in the introduction chapter, the contribution of this thesis lies in exploring the
way to consist life-like phenomena from self-organizing processes, especially focusing on time
scales. Based on the synthetic methodology of the constructive approach, I first build artificial
systems, then observed structures self-organized by synaptic plasticity, and finally analyze them.
I constructed two different systems, i.e., robotic experiments, and biological neural systems,
where I observed adaptive and complex patterns that worked on different time scales, thorough
a course of spontaneous development or learning. The following is the summary of the results
obtained from Chapter 2 and 3.

Chapter 2 presented a series of experiments with a multi modal robot, highlighting behavioral
change during a course of learning, i.e., change in vicarious trial-and-error (VTE). VTE have been
studied mainly in route selection tasks with rats, where they shook their head from one option
to another, as if they were considering their decision between the two conflicting options. The
number of VTE (one VTE was counted when the rat looked at one option and then it looked at

the other option) was high at the beginning of learning, and became less afterward. More recent
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studies suggested that VTE was observed when the rats were uncertain in making decision,
so that it is said to be relative to deliberative decision making, i.e., searching, predicting and

evaluating potential outcomes [111], which allows flexible and ongoing control of behavior.

In the robotic experiment, I observed a similar VTE pattern to the rats, i.e., higher at the
beginning of learning and less afterward, which I named the “HL” pattern. With different pa-
rameters, the robot sometimes showed the HL pattern, and sometimes not (i.e., the amount of
VTE was kept either less or high during the whole trials). Regardless of the VTE patterns, the
robot was still successful in solving a given task, so that VTE appeared to be generated from
redundant mechanisms in the neural network. In fact, VTE was found only in some neural net-
works with redundant connectivity across modalities, while networks with a minimal ensemble

of connections failed to show VTE.

Although VTE seemed to be generated from a redundant mechanism, it was functionally
not redundant, but allowed robust control toward perturbations. Even when perturbations were
given to the environment, the HL robot kept the success rate at a certain level, while the other
types of robots easily dropped it. This robust behavior was explained by unstable activity in
the neural network. The maximum Lyapunov exponent (MLE), which is an index of chaos,
showed chaotic neural activity in the VTE-showing robot, and stable activity in the other robots.
The chaotic activity created an exploratory motion pattern that allowed the sensory inputs to
fluctuate and vary constantly, where the robot repeatedly learned the same environment under
different conditions. This prevented the convergence of the synaptic weights, allowing robust
control of the behavior. Namely, even when an unpredictable event happened, the robot was
able to smoothly adapt to it. I concluded that the robust control was the advantages of the VTE.
Additionally, computation of transfer entropy showed that the neural activity of the HL robots
had multiple time scales in information flow, which is discussed later by relating it with the robust

control.

Chapter 3 provided a series of experiments where spontaneous development of neural cells
was recorded around 4-34 days in vitro (DIV). For the recoding, I used the CMOS micro electrode
array, which enables detailed study of spatio-temporal activity of cultured neurons. Indeed, the
temporal and spacial high resolution of the CMOS array allowed recordings of single spikes

from each putative neurons, which means quite high resolution compared to conventional mem-
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brane electrode arrays [33]. I observed that neurons exhibited different activity patterns through
development. Neurons exhibited burst synchronization at the earlier stage, and later showed
seemingly complex patterns. This observation of the neural activity was supported by distribu-
tion of inter-spike-intervals (ISI). At the earlier stage of the development, most of the neurons
showed ISI obeying exponential decay, while, at the later stage, many neurons exhibited power
law distributions. The power law suggested that neural activity exhibited a wider range of time
scales. This tendency was shown clearly with transfer entropy (TE). At the earlier stage of devel-
opment, TE was mainly maximized at larger time scales, which seemed to result from the burst
synchronization observed in the raster plots. On the other hand, at the later stage, TE had its
peak around smaller time scales as well as larger ones, which supports the existence of a wide
range of time scales observed both in the raster plots and in the ISI distribution. The larger
time scales were around 10-1000ms, which appear to result from multi-cellular interactions. By
contrast, the smaller time scales were around 1ms, suggesting the existence of single cell inter-
action. This can be explained by maturation of synapses. At the beginning of the development,
synapses were immature, so that only ensembles of neural spikes can activate other neurons.
Maturation of synapses allowed each neuron to transmit signals to another, which result in TE
with the smaller time scale.

I demonstrated in this experiment (Chapter 3) that neurons in vitro can exhibit multiple time
scales. In general, the mature human brain is a collection of functional networks, each of which
corresponds to a different cognitive function. I consider the network with multiple time scales
which we observed in the thesis can be a candidate for the brain networks to represent different
functions. If this is true, then multiple functionality will be an innate property of the neuron.

This is discussed below.

4.2 Time Scales

Throughout the works of this thesis, I computed transfer entropy (TE), to estimate information
flow on the neural network. I observed in Chapter 3 that cultivated neurons spontaneously
developed a wide range of time scales that were distinguished by TE. Chapter 2 demonstrated

that the VTE-showing robot had various time scales in the neural network. In this section, by
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combining those two research works, I discuss the meaning of the time scales that are distributed

widely.

4.2.1 Functionality of the Multiple Time Scales

In this part, I consider the meaning of networks distinguished by time scales. Although it is
not evaluated, I speculate that each network corresponds to a certain function. As presented
in Chapter 1, regulation of the time scale is critical for maintaining functions, and respective
functions in turn work on specific time scales. In this respect, it is possible to hypothesize that

networks distinguished by the time scale can work as different functions.

The VTE-showing robot (Chapter 2) indirectly supports this idea: Multiple time scales were
observed with conflicts, i.e., VTE. Therefore, it is plausible to say that the multiple time scales
contributed to generation of VTE. In other words, the multiple time scales allowed to have con-
flicting different functions. This result suggest that multiple functionality emerges when various

time scales are organized in the brain system.

The neural networks in Chapter 3 cannot be functional in the proper context of the neu-
roscience, because the cultivated neurons did not have any sensory inputs nor motor outputs
to demonstrate their functions. I consider that the problem will be solved by connecting the
biological neural network with a robot body. This “biological” brain robot will allow to assess
functionality of the neural network, and will evaluate meanings of the network distinguished by

time scales.

By synthesizing the works in Chapter 2 and 3, it is possible to say that the robot with the
biological brain will be a promising and important experiment to shed a new light on the field of
AlLife. The robot will develop a wide range of time scales in the neural network as presented in
Chapter 3, which can allow to obtain various functions to generate VTE as shown in Chapter 2.
VTE is an behavioral indicator of deliberative decision making, i.e., prediction and evaluation
of possible outcomes [111], which might be a primitive form of conscious thinking. Therefore,

the robot will give deeper understandings for adaptive behavior, and conscious thinking.
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4.2.2 Robustness

As presented in the introductory chapter (Section 1.1.1), fMRI studies suggest that robust control
can be achieved by having multiple functional networks [24, 25]. The computational model
presented in Chapter 2 supports their suggestion: The HL robots, which had neural activities
working on various time scales, acted in a robust and flexible way. However, the ‘H’ robots (i.e.,
the robot showing VTE during the whole period of learning) also showed multiple time scales of
TE, but they were not robust to perturbations. This implies that variation in time scales may not
be a sufficient condition to generate robust behavior. Still, it is possible to consider that having
multiple time scales is a necessary condition to achieve robust control, if, as suggested above,
networks specified by time scales can work as specific functions to cause conflict, resulting in
deliberative decision making.

In general, from the clinical approach, it is difficult to demonstrate effects of neuronal activ-
ity on behavioral levels, e.g., flexibility and robustness, while, as shown here, ALife approaches
allow mechanical understandings by creating simplified and abstract models of life. In turn, clin-
ical findings, as reviewed above, give concrete examples to validate the theoretical counterparts.
As such, the theoretical and experimental approaches should relay on each other to generate
deeper understandings of living systems. In this respect, the outcome demonstrated in this thesis

will become a new and strong example in the field of ALife.

4.3 Synaptic plasticity

The two works presented in this thesis both have synaptic plasticity. In this section, I discuss
the effect of learning. First, I review conventional learning algorithms, and then compare them
with the learning of the work of this thesis, to extract a conclusion.

Learning algorithms in artificial neural networks are classified into two: supervised and un-
supervised learning [82]. In supervised learning, a desired state is defined to compare actual
outcomes of a network. The error between the desired state and current outcome becomes a
feedback to modify the synaptic connections in the network [19, 81]. By repeating the small
modifications of synapses, the network achieves to generate desired outputs in response to input

signals. Backpropagation and bayesian inference are examples of supervised learning [91, 92].
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Unsupervised learning does not have such teaching signals. However, most of the applica-
tions of it have target patterns that work like desired states. An example of the application of
unsupervised learning is a self-organized map (SOM) [55], which maps input signals onto a set of
output responses without changing topological order. The SOM reduces high dimensionality of
the input signals into low-dimensional visible patterns. Hebbian learning can be another example
of unsupervised learning [16], because it realizes principle component analysis, which is another
powerful tool to visualize large data sets [38]. The motivation of studies of unsupervised learning
normally lies in pattern recognition, so that data sets that unsupervised learning is applied to are

fixed and given ones.

The model presented in the thesis was different from the conventional applications of learn-
ing algorithms, in respect that 1) the learning did not need any evaluation values, e.g., fitness
functions nor target patterns, and 2) the system was open to the environment, so that input data
sets changed continuously depending on the interaction between the environment and body.
In other words, the systems in the thesis did not have any explicit motivational drives to give
equilibrium points to the systems. Indeed, the systems in this thesis remained unstable: the
robot in Chapter 2 included chaotic activity in its neural network, and the robot changed reac-
tion patterns easily by perturbations, while the neurons in vitro (Chapter 3) remained unstable
to change the structure. Even though they seemed to be at a unstable and transient phase, the
systems formed meaningful structures, i.e., VTE and reward seeking behaviors (Chapter 2), and

multiple time scales (Chapter 2, 3).

Then what was the driving force to lead the systems to those meaningful structures? I suggest
that the driving force to generate them is a self-organized structure from complex interaction
in sub-systems. The sub-systems can be decomposed into several layers with having different
time scales, e.g., sensory inputs, synaptic plasticity, and behavior. Those are not separated but
interacting with each other. Mathematically put, 1) activity of neurons is corresponding to a state
vector, 2) synaptic plasticity is parallel to a parameter set, and 3) behavior, that tune synapses,
can be represented as meta-parameters. Namely, I suggest that organization of multiple time
scales can act as hierarchical orders from the state space to the meta-parameter space, and that

will allow generation of adaptive behavior.

Indeed, a brain model with the hierarchical order has been presented, called hierarchical
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organized generative models (HGMSs) [34,36]. This model is structured by the states, parameters,
and meta-parameters. Because of the hierarchical structure, HGMs have demonstrated strong
capability to predict various sensory signals. The HGM is often presented as a representation of
a theory of the brain called “predictive coding”. In this theory, perceptual contents are treated
as products of prediction about causes of sensory signals [17,96]. It allows simple and seemingly
natural understandings of perception, because it does not require any motivational drives like
fitness functions, but still explains various cognitive phenomena, such as attention, hallucination,
or synesthesia [32,96]. Although some agent based models have been presented [35], they are
yet limited to stable and close systems.

The work of this thesis supports the possibility that the hierarchical order creates adaptive
and coherent behavior in open and dynamical systems. Of course, our systems did not assume
minimizing predictions, but they could spontaneously generate prediction minimization. As a
future study, I would explore modeling embodied beings based on the HGMs, to finally connect
time scales with various cognitive phenomena including dreaming, synesthesia, and conscious-

ness.

4.4 Conclusion

I first demonstrated that robust behavior, observed as vicarious trial-and-error (VTE), can be self-
organized from hierarchical time scales, i.e., sensory processing, learning speed, and behavior
(Chapter 2). I also presented that the neural network to generate VTE (i.e., conflict) showed
activity patterns that worked on various time scales. This suggests the efficiency of having
multiple time scales toward robust control of behavior. In Chapter 3, we showed that organization
of multiple time scales is an emergent property of the biological neuron cultivated in vitro. To
conclude, we demonstrated that, in both robotic systems and biological neurons, organization

of multiple time scales is an emergent property, which will allow adaptive behavior.
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Chapter 6

Supporting Information — Development of

the neural network

A reward-oriented behavior emerges through Hebbian learning. In this section, we explain
the underlying mechanism of the emerged behavior. As described in the method section, we
found several possible parameter sets by the genetic algorithm to maximise the fitness value.
Although those different parameter sets might result in various strategies, here we describe the
most possible mechanism to generate the reward seeking behavior of the robot, by following
Bovet’s description [16, 21]. The way of the description is almost same as what is written in his
Ph.D. thesis [21], but we think it might be difficult to access it, so that we describe the mechanism
here in this supporting information.

As is noted in the method section, the experiments took place in two phases: a training phase
and a testing phase. In the training phase, the robot learned a simple correlation between the
IR, vision and motor modules. In the testing phase, the robot was required to solve a reward
seeking task in a T-shaped maze. Here we describe first the learning mechanism of the training

phase, and afterward the testing phase.

6.1 Training phase

During the training phase, the robot explored the maze with the cue and reward deactivated and

with the motor speed fixed to the two variables v, = (1,0) or (0, 1), which induce left and right
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turns respectively. When it touched a wall, the robot was returned to its initial position and the
motor speed was switched to the other value. This process was repeated 20 times. The purpose
of this phase was to give the robot a chance to learn the correlations between the IR, vision, and
motor modules. Especially, the “IR — motor” and “vision — motor” path are important to solve
the succeeding test phase; The “IR — motor” path is able to induce wall avoidance behaviour,
and the “vision — motor” path gives the robot an important association between optical flow and
turning speed. In this paper, optical flow means the difference between the current visual image

and the image 7 time units previously. The detailed descriptions are in the next parts.

6.1.1 “IR - motor” path

This path lets the robot avoid the walls. As is noted in the method section, the neuron has two
components, i.e., the virtual and the state units. Activity patterns for each virtual and state units
are illustrated in Fig. 6-1. In this figure, each module has five boxes, which corresponds to the
five types of variables important for computing the neural network in Eq. 2 and 3 in the original

manuscript, i.e.,
1. the state unit at the current time step " (),
2. the state unit 7 step before " (t - T),
3. the difference of those two Ax™(t) = ™ (t) — ™ (t — 7),
4. the virtual unit at the current time step ™ (t),
5. the difference between the virtual and state units AZ™(t) = £™(t) — ™ (t).

The IR module has circles in each of the five boxes, which denote activity levels of each of
the six IR neurons. The left three circles corresponds to the left side of the IR sensors, while
the right ones are for the right IR sensors. As for the motor module, the arrows inside the five
boxes indicate the direction of turning. The virtual unit of the motor module ™" () is used
for calculation of the actual turning speed (Eq. 1).

When the robot turns toward a wall (Fig. 6-1A), to the left wall for example, this causes

a correlation between an increase of the left part of the IR proximity signals and turning left.
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Therefore the robot learns a positive correlation between AmIR(t) with the left part positive and
motor activity ™" (t) corresponding to turning to left (Eq. 2). Conversely, turning away from
the left wall (Fig. 6-1B) causes a correlation between a decrease of IR signal in the left sensors
and turning to right. Therefore, the robot will learn a positive correlation between turning left
and the left part of the IR signal, and a negative one between turning right and the left part of
the IR signal.

After learning this correlation, wall avoidance behavior is induced by the following process

(Fig. 6-1C):
1. The robot makes a turn to the left wall, and gets close to it.
2. The left part of the IR signals increases.
3. Elements of the state unit &’ R(t) corresponding to the left IR sensors take positive values.

4. The virtual unit &/ R(t) is normally not activated, as there will be no learned correlation

from the other modules to the IR module.

5. The difference between the virtual and state unit Aﬁ:m(t) (= 531R(t) — :cIR(t)) has
therefore its elements negative, which propagates through the positive connection from
the IR module to the motor module learned above, and cause a turn to the opposite

direction, i.e. the right turn.

Therefore, when the robot comes close to the wall, this “IR — motor” path causes a turn in the

opposite direction, so that it can result in wall avoidance behavior.

6.1.2 “Vision — motor” path

This path lets the robot learn a correlation between optical flow and turning speed. In this paper,
optical flow means the difference between the current visual image and the image 7 time units
previously (7 is the time delay in Eq. 2 and 3). The omni directional camera receives a grayscale
image of the environment, so that it detects the black wall at the back and the white walls in
the other sides of the T-maze. We also use the phrase “optical flow” to refer to the movement

of the black wall image. For instance, if the image of the black wall moves in the right direction
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in its visual field, then we call it optical flow in the right direction. By this “vision — motor”
path, the robot can learn a correlation between optical flow and turning speed, i.e., turning left
is correlated with optical flow in the right direction, and vice versa. This correlation is used in

the testing phase.

6.2 Testing phase

After learning the basic correlation between the IR, vision and motor modules, the robot starts
the testing phase, i.e., solving the T-maze. The reward is placed in the left or right arm of the T-
maze and changes its position every five trials, but for simplicity, we only describe here the case
with the reward on the left arm. As described in the method section, two paths are important
for generating the reward seeking behavior. One is the “reward — vision — motor” path, and the
other is the “tactile — motor” path. Those two paths can conflict with each other after the reward
position changes, which will cause VTE behavior. In the following, we describe the detailed

neural activity.

6.2.1 “Reward - vision — motor” path

This path leads the robot to go to the previous reward position. Therefore, if the reward position
is fixed, the robot can get the reward. But it is not sufficient to reach the reward when the reward
position switches. Fig. 6-2 illustrates the processes of two example trials. At the beginning of
the trials (Fig. 6-2A), the robot is placed on the starting point at the center arm of the maze,
where the omni directional camera detects the black wall at the back. Then, the robot goes
straight, because of the constant forward velocity (Eq. 1). The whisker sensors start detecting
the tactile cue on the left side (Fig. 6-2B). Hebbian learning captures a correlation between the
increase of the tactile stimulation on the left side and sensory signals of the other modules (i.e.,
Aztectile(t) and ™ (t) in Eq. 2; m represents modules other than the tactile one). After a short
time, the robot reaches the intersection point, and the whiskers break contact with the tactile
cue. There, the whiskers detect the decrease of the tactile signal, which cancels out most of
the previously learned correlations. At the first trial, the robot does not learn much correlations

about the tactile cue and it makes no large turn, so that the robot once hits the back wall. But
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a slight difference of the right and left motors, because of asymmetry from the training phase,
leads the robot to one side of the T-maze. Therefore, it reaches the reward or punishment only
by chance. We explain the case of the reward here, but the reverse situation, where the robot

gets to the punishment side, happens in an analogous way.

Fig. 6-3A shows neural activity of the reward, vision and motor modules when the robot
gets the reward at the first trial. The notation is the same as in Fig. 6-1. The five boxes inside
the vision module denote activity patterns of its visual field for the state and virtual units (upper
three boxes), and the optical flow for the state difference Aw”iswn(t) and the virtual difference
Agrision (t) (lower two boxes). As for the reward module, the sign inside the boxes indicates
the activity level. As described in the method section, the virtual unit of the reward module

Z"ewerd(t) is always set to 1.0, which is illustrated by the black triangle.

If it reaches the reward, the robot gets an increase of the reward signal, and at the same time
the camera detects the black wall on the right side of its visual field. There, the robot learns a
positive correlation between Az"“%?(t) and x¥***"(t) by Eq. 2 (Fig. 6-2C and 6-3A). This
correlation stores the momentary camera image when the robot gets the reward, and the image

gets remembered by the reward virtual unit :Erew‘"d(t), which is described next.

After getting the reward, the robot is returned to the starting position to start the second trial
(Fig. 6-2D and 6-3B). By Eq. 3, the signal from the reward virtual unit first propagates through
the synaptic connectivity to the vision module, as described in the previous paragraphs. Because
the synaptic weights are positive, the signal from the reward virtual unit induces a similar activity
pattern of the camera image at the reward point in the first trial, i.e., the black wall image on
the right part of its visual field. Therefore, the virtual unit aN:UiSiO”(t) has black on the right
visual field. At the same time, the actual camera image, or the state unit w”m‘m(t), has its
central visual field black, because the robot is facing the black wall. Therefore, the difference
Agvision (t) (i.e., the difference between the virtual and state units) has a visual flow in the right
direction. By Eq. 3, this optical flow in the virtual unit propagates into the motor module to
induce a left turn, because of the correlation from the right optical flow to the left turn, which
is learned in the training phase (Fig. 6-2D and 6-3B). Therefore, at the second trial, the robot is
again successful. If the robot goes to the punishment at the first trial, a similar process makes

the robot reach the reward side at the second trial.
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So far, it becomes obvious that, by using the reward, vision and motor modules, the robot
goes to the same side as the reward side during the first trial. But the robot cannot succeed when
the position of the reward switches. To overcome this, the robot has to learn the correlation

between the tactile cue and the reward. Next, we describe the learning with the whisker sensors.

6.2.2 “Tactile - motor” path

This path lets the robot follow the tactile cue which indicates the correct reward position. Here
we explain the second trial, i.e., the trial after the robot learns the “reward — vision — motor”
path, which leads it to turn to the previous reward position (Fig. 6-2D). Fig. 6-4A illustrates
the learning process of this correlation. The sign in the boxes at the tactile module denotes
reward(+), punishment(-) and nothing(0) for the left and right sides of the whiskers. In Fig. 6-4A,
the robot makes a left turn because of the “reward - vision — motor” path described above and,
at the same time, it breaks contact with the tactile cue. Therefore, by Eq. 2, the robot learns a
correlation between the decrease of the state unit Agtectite (1), and the state unit £™°"" (¢) that
induces a left turn.

After the second trial (Fig. 6-4B), if the robot touches the tactile cue on the left side, the
state unit of the tactile module wmcme(t) takes a positive value. The virtual unit of the tactile
module gtoctite (t) is normally not activated because any correlations from the other modules
to the tactile one are learned less often. Therefore, the difference of the virtual and state unit
A:ﬁt“Ctile(t) takes a negative value. By Eq. 3, this negative activity propagates through the

learned connections to induce left turn.

These two neuronal paths have significant roles on solving the task. Additionally Bovet
mentioned in his Ph.D. thesis [21] a connection that has a secondary role: the “tactile — vision”
path can support the “reward — vision — motor” path. Any other connections are not mentioned
in Bovet’s paper, and they may not be necessary to solve the task. As described in the method
and the result section, we cut those redundant connections, and proved that the robot was still
able to solve the maze. However, we observed no VTE with this minimal connectivity, which let

us to conclude the redundant connectivity is necessary for generating VTE.
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Figure 6-1: Illustration of the learning process of the “IR — motor” path during the training
phase. This path lets the robot avoid the walls, and is learned in the training phase. Five boxes
in each module show activities of each of the five types of variables used for computation of Eq.
2 and 3. The IR module has circles in each of the five boxes, which denote activity levels of
each of the six IR neurons. In the motor module, the arrow indicates the direction of turning.
A: When the robot turns to a wall, to the left wall for example, the robot learns a correlation
between an increase of IR proximity signal in the left sensors and motor activity corresponding
to turning to left. B: Conversely, it learns a corrgdation between a decrease of IR signal in the left
sensors and motor activity corresponding to turning to right. C: After learning the correlation
above, if it gets close to the left wall by making a left turn, the difference between the virtual and
state units propagates into the virtual unit of the motor module, which generates an opposite
turn (i.e., a right turn).
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Figure 6-2: The process of learning. A, At the beginning of each trial, the robot is placed on the
central arm of the T-maze. The camera detects the black wall at the back, and the central part of
its visual field is activated. B, The robot has not get learned much correlations about the tactile
cue so that the robot makes no large turn. But a slight difference in the right and left motors,
because of asymmetry from the training phase, leads the robot to one side of the T-maze. C,
When the robot reaches the reward, the Hebbian learning rule reinforces the correlation between
an increase of reward and the camera image of the black wall. D, After getting the reward, the
robot is returned to the starting position to start the second trial. Through the “reward — vision
— motor” path learned at the first trial, the virtual unit of the reward module (always set to
1.0) propagates into the vision module, inducing a left turn, i.e., a turn to the previous reward
position. E, During the turning, the left whiskers perceive the tactile cue, so that a “tactile —
motor” correlation is produced.
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Figure 6-3: Illustration of the learning process of the “reward - vision — motor” path during
the first and second trials. Five boxes in each module show activities of each of the five types
of variables used for computation of Eq. 2 and 3. The five boxes inside the vision module denote
activity patterns of its visual field (upper three boxes) or optical flow (lower two boxes). As for
the reward module, the sign inside the boxes indicates its activity level. The virtual unit of the
reward module ireward(t) is always set to 1.0, which is illustrated by the black triangle. A,
Neural activity when the robot gets the reward at the first trial. When it reaches the reward, the
robot gets an increase of the reward signal (denoted by ‘+’), and at the same time the camera
detects the black wall on the right side of its visual field. The robot learns a positive correlation
between Azx"*w¥d(t) and x"*""(¢). B, Neural activity at the beginning of the second trial.
By Eq. 3, the signal from the reward virtual unit w’”ew‘”’d(t) propagates through the synaptic
copnectivity to the vision module learned in A1 6(1 induce in the virtual unit of the vision module
V""" (t) a similar activity pattern of the camera image at the reward point in the first trial, i.e.,
the black wall image on the right part of its visual field. At the same time, the actual camera
image (or the state unit :c”“i‘m(t)) has its central visual field black. Therefore, the difference
between them (or AgVisn (1)) has a visual flow in the right direction. This optical flow in the
virtual unit propagates into the motor module to induce a left turn, because of the correlation

learned in the training phase. Therefore, at the second trial, the robot is again successful.
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Figure 6-4: Illustration of the learning process of the “tactile — motor” path in the second
trial. Five boxes in each module show activities of each of the five types of variables used for
computation of Eq. 2 and 3. The sign in the boxes at the tactile module denotes reward(+),
punishment(-) and nothing(0) for the left and right sides of the whiskers. A, Because of the
“reward - vision — motor” path, the robot makes a left turn, and at the same time the left
whiskers break contact with the tactile cue. Therefore, the robot learns a correlation between
the decrease of the state unit Agtaectile (t), and the state unit g™etor (t) that induces a left turn.
B, After the second trial, if the robot touches the tactile cue on the left side, the state unit of the
tactile module x'*¢(t) takes a positive value. The virtual unit of the tactile module &' (t)
is normally not activated because any correlations from the other modules to the tactile are not
learned often. Therefore, the difference of the virtual and state unit A:f:wc“le(t) takes a negative
value. This negative activity propagates through the learned connections to induce a left turn.
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