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Abstract

Abstract

The goal of this dissertation was to discuss how novel, distributed, autonomic,
collective machine intelligence mechanisms such as knowledge sharing, emergent self-
organization and knowledge self-revision can be utilized in particular fields, and bring
impressive results in means of adaptivity and performance. I extended existing
algorithms, applied them to new fields, and often also utilized their emergent effects.

The dissertation summarizes my research conducted in three particular fields. The
connection point between the fields is the utilization of some kind of novel, distributed
and autonomic machine intelligence based approach.

In the first chapter I discuss the results achieved in the fields of open collective-
adaptive multi-agent systems. I synthesized a novel approach (OLAKO) for highly
dynamic environmental requirements by combining (i) online learning autonomous
agents, (ii) society-wide emergent pair-wise knowledge sharing between the agents and
(iii) a knowledge self-optimization mechanism to optimize and clean the knowledge. I
showed that the system enables high adaptivity, knowledge sharing spares time for the
individuals, and the knowledge self-optimization speeds up the learning curve for the
agents.

In the second chapter | discuss the results achieved in the field of on-demand
clustering in self-organizing mobile networks. I created a new on-demand clustering
algorithm (Shuffling ODC) by extending the baseline On-Demand Clustering algorithm
developed at BT Labs. I showed that Shuffling ODC overcomes ODC’s topological
starvation problem, results in higher clusters and more clustered nodes and better load
balancing performance without breaking the principle of locality, and without
significant communicational overhead, compared to the baseline algorithm.

In the third chapter I discuss my results in the field of sentiment mining from
natural language texts. I defined the problem of named entity centric opinion mining, I
proposed a general, language independent, adaptive algorithm for the task. I showed
with experiments that the model produces high precision and recall. Above that, I
created an unsupervised self-analysis methodology, including a self-revision algorithm
for the term dictionary, a completeness checker for the (non-annotated) test corpus and
the term database, and an approximation for precision and recall of an evidence based
dictionary extension.
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Preface

Preface

The general goal of this dissertation is to discuss how novel, distributed, autonomic,
collective machine intelligence concepts such as knowledge sharing, emergent self-
organization and knowledge self-revision can be utilized in particular fields. I extended
existing models and algorithms, defined novel models and algorithms, and applied them
to existing or new problem fields.

Structure

This dissertation summarizes my research conducted in particular fields. The
connection point between the fields is the utilization of some kind of novel, distributed
and autonomic machine intelligence based approach.

In the first chapter I discuss a novel approach, an open, online learning based
collective-adaptive system. My model, OLAKO, extends the state of the art by using
online machine learning to create an open collective-adaptive multi-agent society. The
main building blocks of OLAKO are online learning autonomous agents, a society-wide
emergent pair-wise knowledge sharing mechanism and a knowledge self-optimization
mechanism to optimize and clean the world abstraction and the knowledge. I showed
with simulations that OLAKO enables adaptivity even to some drastic environmental
changes, knowledge sharing spares time for the individuals, and the knowledge self-
optimization speeds up the learning curve for the agents.

In the second chapter I discuss how On-Demand Clustering (ODC) can be
improved in self-organizing mobile networks. I extend a baseline ODC algorithm with
the concept of link reconfiguration without direct gain in case of lookup failure. I
compare the resulting algorithm, Shuffling ODC, to the baseline ODC and another
ODC variant, Spyglass. I show with measurements that Shuffling ODC outperformes
the baseline algorithm in all aspects, but without the significant messaging overhead
observed in Spyglass.

In the third chapter of the dissertation I discuss the problem of named entity
centric opinion mining from natural language texts. I propose an adaptive model (Voz
Populi) for the task, and an algorithm for named entity centric sentiment mining.
After that, I discuss a set of formal methods for the unsupervised self-analysis of the
term knowledge base, namely: automatic, unsupervised detection of flaws (e.g.
translation errors) in the term dictionary, completeness checking, and precision-recall
estimation for the evidence based extension of the term dictionary.

Previous Work

A long list of precursor projects, completed between 2003 and 2011, helped acquiring
the necessary theoretical and practical background for the results discussed here. The
most important items are the summarized as follows.
A CASCADAS. EU IST-FET FW6 Integrated Project. Autonomic communication,
and a self-* ecosystem. (2006-2008)

A Ambient Networks. EU IST FW6 Integrated Project. Software-driven
transparency of heterogeneous networks. (2006-2007)
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A Research projects on language technology. Creation of a Hungarian morphology
engine and syntactic deep and shallow parsers. Research on the diversity of the
deep syntactic structure in various languages. (2003-2010)

A Competitions in the field of data mining and machine learning. (2008, 2011)

A Local research projects conducted with the help of undergraduate/graduate
students on various aspects of machine learning and self-organization. (2008-
2011)

A Teaching activities: programming, system design, and data mining. (2003-2011)

Attribution

The work that also resulted in this thesis, at some points, was conducted in
collaboration with students and colleagues.

Part of the work behind in Chapter I. was conducted together with David Lanyi,
who was a student under my supervision at the time. David’s contributions to the
simulator framework and the learning module were vital. His valuable comments to the
general vision are also acknowledged.

Part of the work behind in Chapter II. was conducted together with Marton
Legény, who was a student under my supervision at the time. Marton, after
graduation, continued to contribute to the discussions in the field. Marton’s work (the
Spyglass algorithm) serves as a reference point for the evaluation of my algorithm. His
valuable comments and hints on the simulation methodology are also acknowledged.

Part of the work behind in Chapter III. was conducted together with Dr. Zsolt T.
Kardkovécs. Certain modules of Vox Populi, namely the article text extractor and the
named entity detection algorithm, are Zsolt’s work; I only refer to these modules in
this dissertation as part of the vision, without the details. Zsolt’s useful comments, that
made my part of the work easy, are greatly acknowledged.



Chapter I.
OLAKO: An Approach for an Open Collective-Adaptive
System

In this chapter I describe OLAKO (Online Learning based Adaptation, Knowledge sharing and knowledge
self-Optimization), a novel model for a learning based, open collective-adaptive multi-agent system for
highly dynamic environments. OLAKO synthesizes three main concepts: online learning autonomous
agents, a society-wide emergent knowledge sharing mechanism between the agents, and a knowledge self-
optimization mechanism to optimize and noise filter the emerging knowledge. I also discuss a formal
description for the system and some resulting phenomena. The proposed models and mechanisms were
evaluated in a theoretical world via simulation; where the society of adaptive agents was challenged to win
board games against opponents with different strategies and changing game rules. Experiments confirmed
that OLAKO enables agents to learn openly and fast both as an individual and as part of a society, and to
adapt efficiently to minor and major changes in the environment.



OLAKO: An Approach for an Open Collective-Adaptive System

1. Introduction and Background

The concept of autonomic ICT and adaptive systems has gained significant interest
in the last decade. By definition, these systems are able to adapt their behaviour to a
certain level of changes in the environment without human help [Kephart and Chess
2003]. A basic approach to achieve adaptivity is to use a feedback loop: monitor the
environment, select the best action to do, carry out the action and start over with
monitoring the effects [Brun et al 2009]. Compared to traditional control systems (e.g.
closed loop model) an important difference in the adaptive case is that there is no
static optimum to find, instead, the world, so the adaptation target changes from time
to time and the system must follow it accordingly.

Another common tool for adaptive or autonomic behaviour is to use explicit models
(world model, self-model) describing how the world and the system itself work. These
models help in selecting the next action during normal operation, and determine the
incident handling or adjustment mechanism when abnormal conditions occur. Powerful
tools such as reasoning, ontology or semantics may be utilized in order to guarantee
that the operation is effective and convergent. Examples are [Bencomo et al 2008]
[Goldsby et al 2008] [Harel and Marelly 2005] and [Benkd et al 2008]. The success of
this model based approach heavily relies on the accuracy of the system'’s explicit
knowledge: on the completeness of the models and on the efficiency of the resulting
adjustment mechanisms. As long as the environment is in line with the model, the
system is guaranteed to operate and adapt efficiently; however it is theoretically
impossible for this system to react to un-modelled changes or to perform out-of-model
adjustment strategies. In other words, preconceptions that make the adaptation fast
and effective in some cases form an obstacle in others, i.e. in the end, hard
preconceptions restrict the adaptation potential of the system.

Sometimes, machine learning capabilities are utilized as well. In case of offline
learning, the system first learns how to behave in a hypothetical training environment,
and later uses this knowledge without further modifications in the operation phase in
its real environment. Systems with online learning abilities do not distinguish between
training and operation; they learn during (and throughout) their normal operation in
the real environment. Even though online learning is more potent for resulting in a
truly problem-specific behaviour, it has not been popular in the area of adaptive
systems up to now. Examples for offline learning based adaptive systems are: [Borji
and Frintrop 2010] for object tracking, [Dhiman and Simunic Rosing 2006] for power
management, or [De Jong 2008] and [Martin et al 2009] who tackle with the general
aspects of the field. Related online learning based approaches are: [Balch 1998| in the
field of robotics, [Seshia 2007] discussing autonomic systems and [Hsien-Po Shiang and
van der Schaar 2010] and [Simon et al 2009] who use machine intelligence for wireless
multi-hop networks. [Kinigami and Terano 2007] gave a comprehensive overview of the
field.

A question this chapter tackles with is whether the level of explicit knowledge, or
preconceptions, for an adaptive system can be replaced, or at least relaxed, through
excessive use of online learning. In other words, is it possible to unbind the adaptation
process, and let the system openly find its way for adaptation, instead of blindly
following the knowledge that was once injected, and may not even fit well for the
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current problem instance? Openness may be desired on several layers: an open world
model built and refined continuously; open adaptation strategies where the system
builds its strategy from simple blocks instead of picking one of the pre-coded strategies;
social openness to share the knowledge with others and make use of the presence of
multitudes of learners (even if we are not sure that everyone faces the same problem);
and, finally openness for self-revision such as knowledge cleaning, deprecation, and
knowledge optimization.

Collective behaviour, swarm intelligence and emergence have often been coupled
with autonomous or adaptive systems not just due to their proven efficiency in nature,
but also because the use of simple connected entities or a society of entities fits well
with many real world problems. Often, simple actions of a multitude of entities result
in an emergent behaviour. Huneman (2008) gives an interesting theoretical discussion
regarding the prerequisites of emergence in adaptation. Considerable work has been
done in certain related fields, such as emergent self-organization [Saffre et al 2009].

The goal in this area was to better understand the advantages and bottlenecks of
collective learning in an open adaptive system: what gains may knowledge sharing
bring, and what kind of bottlenecks should we anticipate when knowledge sharing is
used excessively, in an environment of limited observability and changing
requirements.

In this chapter I describe a novel, online learning based approach for collective-
adaptive systems, including (i) a model for highly adaptive online learning, (ii) a model
for autonomous knowledge sharing between learners and (iii) a model for knowledge
self-optimization. My approach differs from the state of the art in two main points: I
excessively use online learning combined with self-* properties in order to create an
autonomous adaptive system, and the model allows for an intensive, even society-wide
sharing of the individuals' independently developed knowledge, leading to a better
learning curve.

The basic concepts and algorithms of OLAKO were published in [Lanyi and Benkd
2010] and in [Lanyi and Benkd 2011] and [Benkd, Lanyi and Farkas 2011].

The rest of the chapter is organized as follows. Section 2 defines the problem space,
goals and the preconditions I took. Section 3 discusses the OLAKO model, namely the
learning, knowledge sharing and knowledge optimization models and mechanisms in
the system. In Section 4, I propose a formal, mathematical, framework to describe and
analyze the system. Section 5 investigates the model via a series of simulation
experiments. Section 6 discusses the model’s applicability. And finally, I conclude the
results in Section 7.

2. Problem Space and Terminology

In order to define the problem space, let us start from a common agent based
abstraction. The problem space is a world containing agents who observe their
environment and take actions from time to time. Due to the agent’s actions and other
reasons, the state of the world changes from time to time. Certain world states provide
reward to the agent reaching it, while other states may result in penalty (negative
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reward) or no feedback at all. As feedback is not guaranteed after each action, it may
take several steps for the agent to find out whether a certain series of actions is
successful or not. The agent’s overall goal is to maximize the total reward. These
assumptions are also in line with the basic model of reinforcement learning (RL).

However, | made certain assumptions which distinguish this problem space from the
classic reinforcement learning setting, and also from the classic collective agent setting.

A

Adaptation challenge (changing world rules). The environment is
dynamic in terms of the requirements, i.e. the logic behind the reward. In this
model, feedback rules may dynamaically change from time to time, so the agent
is required to follow these changes with its behaviour. The change, when
happens, is seamless for an agent: it receives no explicit notification but senses
the change through the missing or unexpected rewards. Note that this is not an
unrealistic assumption for real-life scenarios. For example, when the meta-goal is
to make the human user happy, and the human’s intentions or habits change
from time to time, the system also needs to change its behaviour and find out
what the new requirements are. The assumption of changing world rules
drastically differs from the model used in classic reinforcement learning systems
where the feedback mechanism is static over time, and, as for my knowledge,
also from the common adaptive system models.

Adaptation challenge (changing fellows). The environment is dynamic
because factors independent of the agent (e.g. other autonomous agents) keep
changing it from time to time. The agent also needs to adapt to the behaviour of
these fellow influencers. Fellow influencers also change from time to time.
Adaptation to this kind of changes is not part of the classic RL model.

Collectiveness. Learners are allowed to share their locally developed
knowledge with others, and also to import knowledge from other agents.
Knowledge tmport in my model is a pair-wise act: the acceptor agent, when
autonomously deciding so, imports the donor agent’s knowledge and integrates
it with its own with a certain weighting. Compared to the common RL models,
this kind of operation is completely novel. Collective adaptive systems may
contain a similar mechanism for knowledge import, but not for dynamically and
openly built type of knowledge, as the case now is.

Self-awareness. Agents possess the ability of reviewing their own knowledge
along certain metrics, and are able to perform knowledge cleaning, deprecation
and some kind of optimization on it.

Limaited observability and dynamic feature set. The agent’s ability to
observe the world is limited, but dynamic. Limited, because the agent can only
observe its vicinity, through measuring the presence of certain, predefined
features there. And dynamic, because, as its knowledge evolves, the agent may
decide to rearrange the original features into a new view, hoping to acquire more
useful information that way. Note that this kind of openness is neither common
in reinforcement learning nor in adaptive systems.

Reactivity and high level of non-determinism. I also assume that the
behaviour of the world includes a level of reactivity, meaning that the actions of
the agent influence the reaction they receive, but, in a non-deterministic way.
This assumption allows for — but does not expect — the presence of intelligence in
the environment, which makes the challenge even more realistic.
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A No initial world model. At start-up, the agent is equipped with no
knowledge how the world works. The model emerges through learning.

2.1. The Showcase World

To make the problem case more concrete, a showcase world was created where the
abilities of a solution can be investigated and efficiently evaluated. This showcase
world is actually an extension of the simple two-player, fully observable board game
known as connect-5 or gomoku.

Connect-5 is a simple board game, an extension of tic-tac-toe for bigger sized boards and longer
combinations. There are two players in the game, one with mark X and the other one with mark O.
The game starts with a board of tabular arranged empty square cells. Players make steps
intermittently; each one places their mark onto an empty cell. A player wins the game if five of their
signs are placed consecutively in one row, column, or in a diagonal line on the board. When a player
wins, the other one looses. Tie is reached, if the board has no more empty cells, but no one has won.
More formally, the state of the game is represented by the board itself (cells and their contents). The
transition between states is the action of an actor, and the game is basically a time series of game
states. Only one actor is allowed to perform action in each particular step. The action is mandatory,
so as long as there are empty cells on the board, the upcoming actor must act. After each action, the
new state is evaluated by the environment, and if win or tie state is reached, the actors receive
feedback.

A possible agent based model for connect-5 is the following. The agent observes the world state
(board features) after each step, and accumulates the observations into a local knowledge base.
Feedback is received at win/tie/lost states. The goal is to find a strategy (series of actions) that leads
to a winning state, while the environment is also dynamically and non-deterministically modified by

the other player (opponent) from time to time.

While a basic connect-5 game already incorporates several important properties of the
problem space, in order to fully match, it was extended into a Generalized
Connect-5 World (the term ‘world’ is used so that to emphasise that it's not a
single game anymore but a complex collective problem space).

A Changing game rules. The game to play depends on the opponent type,
and, s not necessarily connect-5. For example, it is possible for an agent to
have a connect-5 playing opponent in the first n games, and then, a connect-4
player for the next m games without notification. Certainly, some level of
stability in the game rules over time is expected — there would not be much to
do for a fully random game —, but clearly, the rules are not required to be the
same throughout the lifetime of the agent. The agent must be able to adapt to
the changes on its own, without explicit notification.

A Diversity by different opponent styles and strengths. Even if the
game is unchanged, the strategy of the current opponent may significantly differ
from the strategy of the previous one; hence, the behaviour that worked in the
last round may not lead to success now. The agent must be able to generalize its
knowledge and in order to overcome diverse opponents.

A Agent society. Instead of a single agent-opponent pair, the world consists of a
society of agents and a set of opponents (not agents from this viewpoint), where

agent-opponent pairs are engaged in multitudes of parallel games, each on a
separate board. Members of the agent society are still autonomous entities with
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individual experience, strategy and decisions, but they also possess the ability of
communicating with each other. Agents may share their expertise with other
agents, or make use of others’ shared knowledge. Note that, members of the
society not necessarily face the same problem instance at the same time, e.g.
same opponent strategy or the same game rules; nor do I say that the knowledge
of any individual agent is guaranteed to be of help for others. However, the
possibility of sharing one’s dynamically built knowledge is an important property
for this collective system, not just in practice, but also from the theoretical point
of view. As experiments showed, even this kind of simple pair-wise knowledge
sharing may lead to the emergence of society level behaviour.

A Limited observability. Agents have only a rough model of the board, with
limited vision and an initial set of observable features. The concrete visibility
distance and the initial feature set are detailed in the evaluation section.

This generalized connect-5 world fits with the description of the problem space: Agents
observe an extract of the world’s state and perform actions. They may receive feedback
from the environment in those states when a victory, tie or loss is reached. The world
changes because of the agent’s action and because of factors that are outside its control
(such as the opponent’s action, or more basically, the opponent’s game choice),
ensuring a high level of reactivity and non-determinism. Both adaptivity challenges are
present, i.e. changing game rules and changing opponents. Collectiveness is ensured by
the agent society. Having no pre-injected knowledge may seem a selfish requirement
under static conditions (where a pre-built world model could result in better behaviour
from the start), but my goal here is to ensure the openness of the system and its
dynamic adaptation ability for immensely new requirements set by the changing
environment (e.g. changing game rules).

The state space in the showcase example, supposing a limited board size, is finite.
However, this does not make the problem too week or inappropriate, as the observation
ability of an agent is limited, so any board size larger than the player’s vision is
effectively infinite.

As a summary, the agent’s job is to learn to act successfully, sometimes under
changing rules and environmental behaviours, through a feedback mechanism; plus, to
do this on-the-fly, without having pre-injected knowledge or a preliminary training
session; possibly in a collective manner, via knowledge sharing, and, with a preference
on self-optimization.

3. The OLAKO Model

This section describes OLAKO (Online Learning based Adaptation, Knowledge sharing
and self-Optimization), my model for the open, i.e. online learning based, collective-
adaptive system. I discuss each of the main building blocks, also shown in Figure I-1,
in detail.
A Section 3.1 describes the open, online learning mechanism used within individual
agents, an extension of the Least-Squares Temporal Difference learning method.
A Section 3.2 tackles with the knowledge sharing model, the mechanism that
enables individual agents to share their independently developed knowledge with
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each other. I discuss what, with whom, and how to share, and how the multitude
of simple sharing steps results in emergent, society-wide effects.

A Section 3.3 discusses knowledge self-optimization aspects, i.e. the automatic
reorganization of the empirical knowledge into a more efficient format. My
approach is based on lightweight, on-the-fly feature extraction and removal.
Optimizations may be undone in order to bring back the knowledge into a
format that is understandable for other agents when sharing it.

A Section 3.4 elaborates on the question of fast adaptation to slight and drastic
changes via knowledge self-deprecation.

Agent Agent

Agent

Agent Agent

Figure I-1. Constituents of the OLAKO model within and between agents.

The current section describes the above mentioned building blocks and the
accompanying mechanisms in detail, and discusses important consequences. Section 4
provides a formal description for the model.

3.1. Online Learning

This subsection describes the learning model of OLAKO. It is based upon well-known
basic models: on Markov Decision Process and Temporal Difference Learning. The
added value lays in their application to a new field (the field of adaptive systems), and
in the extensions applied to it (feature set optimization, deprecation, and knowledge
import) which will be discussed in details in the next subsections. First I discuss what
Temporal Difference Learning is, then detail the nature of the extensions.

3.1.1. Starting Point: Markov Decision Process and Least Squares Temporal
Difference learning

The inspiration of the OLAKO learning model comes from reinforcement learning
(RL). RL is not one specific mechanism but a dynamically improving domain of
machine learning models. RL focuses on finding actions in an actual world state in
order to achieve a goal desired in that context [Sutton and Barto 1998]. It is assumed,
that an agent completing this task is able to sense the environment to some extent, is
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able to perform actions which influence that state, and is able to receive feedback from
the environment about its success.

A widely used mathematical model describing reinforcement learning problems is
the Markov Decision Process (MDP) [Bellman 1957]. MDP is defined as a six-tuple

(S AR P,g,so), where
A Sis the set of world states,
A A is a set of actions,

A P is a state transition probability function P:S x A x S - [0,1], where
P(s,a,s) tells the probability of reaching state s’ after performing action a in

state s,
A R is the reward function R - R
A v is a discount factor from interval (0, 1], and
A s, 1 S is the initial state.

MDP models are often extended with value functions and policies to help making
automatic decisions [Bradtke and Barto 1996]. The purpose of the policy m is to model
the behaviour of the agent, i.e. the probability of choosing a given action in a given
state (n: S x A - [0,1]). The purpose of the value function is to describe the utility
of a state in case the agent follows a given policy (V, : S - R). Practically, the value
function calculates the expected discounted sum of the rewards along the policy driven
path in the state space. It has been shown that in case of deterministic policies the
optimal policy for a given MDP problem can be analytically calculated if the state
transition probability function P and the reward function R are known. This analytic
calculation uses a closed form of the value function, also known as Bellman’s equation
(a denotes the action selected by the policy " ).

v, (s) =R(S) +94 P(Si,ap ,S)Vp (si) Bellman’s equation
si S

However, in many RL settings, including our case, the state transition probability
function P and the reward function R are not known, hence the analytic solution is not
possible. Instead, the agent has access to its own empirically experienced subset of the
state transitions (the result of its past actions) and the feedback observed in the visited
states. Like many others in the literature [Kolter and Ng 2009], we will use this
empirical database as an approximator.

The computational cost of MDP depends on the size of the state space (|5]). To
limit the size, often a simplified state space is used instead of the real one for the
calculations. One common way is to use a handful of features to describe a state
instead of all the original details. In means of terminology, a feature based linear
approximator for the value function can be defined as [Kolter and Ng 2009]

V. & w'o(s) Feature based approximation
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where ¢(s) WR" is a feature vector of state s, and we R*is a parameter vector. In
my model the agent is born with an initial feature set, however, this set may change.
Features may be removed or new features may be introduced during the agent’s life,
via self-optimization or knowledge import.

While the use of feature vectors was originally suggested in order to keep the
computational complexity under control and to be able to deal with large or even
infinite state spaces, I also use it for two other purposes, respectively: (i) to facilitate
convergence of learning with the selection/creation of relevant and useful features, and
(ii) to bring openness into the model through the possibility of dynamically adding and
removing features, hence refreshing the implicit world model of the agent.

With the feature based approximation we lose the ability of analytically locating
the best policy [Kolter and Ng 2009], but there are other efficient ways for finding a
solution, for example the Least Squares Temporal Difference Method (LSTD), and
Least Squares Policy Iteration (LSPI). We use LSTD.

The Least Squares Temporal Difference algorithm provides a way for finding a
parameter vector w that approximately satisfies Bellman’s equation, while tolerating
the use of features and with empirical transition and reward data. Without the full
deduction of the method discussed in [Sutton 1988|, [Bradtke and Barto 1996], [Baxter
and Weaver 1998], and [Kolter and Ng 2009], we recall the main idea and the resulting
formulae. LSTD attempts to find a fixed point for w in the feature based
approximation of the value function using the experienced (and feature based) state
transitions and the observed rewards. The term to be minimized contains Euclidean
norms only, so the optimal fixed point can be analytically determined by solving a
linear system of the form A . The exact form of the matrix A and vector b is the
following (s; denoting the 7" state):

A=A F(S)(F(S)- gf(s))T Matrix A of LSTD
i=1

b=& F(S)r Vector b of LSTD
i=1

where, n is the number of observed states up to now, 0 (S) is the feature sample matrix
containing the feature vector of each observed state (one feature vector per row), G ( s 0)
is the feature sample matrix of the observed destination states after the transitions, r is
the reward sample vector containing the observed rewards, and s, and r; denotes the

state and reward.

In other words, the only knowledge required by the agent for selecting the desirable
next state is only a vector b and a matrix A. The model uses the feature based
approximation of the observed state transitions and rewards.

A Vector b gives a picture about the perceived goodness of each state (feature),
based on the total (positive or negative) reward experienced there. If the number
of features is m then b is an m long vector.

A Matriz A holds information about the state (feature) transitions. If the number

of features is m then A is an m J m matrix. The transitions model the effect of
the agent’s action along with the effect of the opponent’s action, in one unit.

11



OLAKO: An Approach for an Open Collective-Adaptive System

(For example, one state transition in out showcase world is the step of the agent
plus the step of the opponent, unless one of them wins or the board is full.) Note
that this abstraction does not include any preconception about the number or
nature of opponents, so the model is also applicable for x > 2 players, and for
changing opponent styles.

From our point of view, the most important property of vector b and matrix A is that
they can be constructed iteratively; each new experience means a minor addition to
them (O(1) cost).

3.1.2. The Basic Learning Model

OLAKO’s learning and adaptation model uses LSTD as a basis.

The knowledge of the agent is directly incorporated in matrix A and vector b, and
indirectly in the current feature set (which is dynamic). A and b are built iteratively.

To select the next action we use LSTD’s maximum likelihood decision maker. In

each turn, the agent evaluates two effects:

A The provisory direct effect of its own action, i.e. the immediate value of the
reached state after performing the action. This is needed in order to recognize
when the agent is able to win the game in one step, since in this case, the
opponent’s reaction will never happen (and will not matter).

A The provisory indirect effect of the action (the provisory reaction of the
opponent). This is needed in order to estimate the short and long term
consequences of the step, and is realized via the matrix inversion A'lp, as
described above.

The extensions that distinguish my model from LSTD are the following.

A Dynamic features. The feature set behind the knowledge base is not static, new
features may be added or removed at runtime, by the Knowledge optimization
mechanism. When the feature set changes, A and b get modified accordingly —
rows/columns are added or removed.

A Systematic knowledge review. OLAKO includes a systematic optimization and
deprecation mechanism, in order to optimize and compact the knowledge or
remove failed or outdated branches.

A Collective layer. OLAKO includes a collective layer, enabling agents to
exchange and combine their knowledge (A, b).

In terms of actual details for the showcase world, 54 heuristic initial features were
defined for the learner, describing the number of open-ended 2, 3, 4, and 5 long series
on the board belonging to the agent and to the opponent. (These features later, during
self-optimization, turned out to be non-optimal, and were reduced to some 28 features
in case of a connect-5 game.) The initial goodness value for each feature within vector b
is 0 by definition. Matrix A starts as a unit matrix, ensuring that it is transposable. In
terms of rewards, a victory means +1, a loss means -1, and a tie results in 0.

3.1.3. Convergence and Generality

When facing large and complex problems in form of reinforcement learning, the path
the agent follows in the space of world states within the games clearly influences how
easy or hard it is for them to learn the problem. For example, a smart opponent with
an efficient strategy will soon teach an untrained agent the kind of situations to avoid.

12
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However, a less effective opponent may produce inconclusive games where the same
situation sometimes leads to victory and sometimes not, or, even worse, they may
spend a large amount of time on exploring irrelevant parts of the state space that are
far away from feedback positions. In the gaming scenario, the path is half-way
determined by the opponent, so the opponent’s behaviour plays an important role in
the ‘learnability’ of the problem. It is an interesting question what kind of opponent is
the best from learning point of view. Against a strong opponent, the agent can easily
learn what to avoid, but most probably, will not learn so easily how to gain victory.
On the other hand, against a weak opponent, the agent may reach the reward
situations without obstacle — first by chance, later willingly —, however, its knowledge
will not incorporate information about preventing the opponent from winning. Some
experiments later, in the evaluation section, will tackle with the question of opponent
choice from the point of view of the learning curve.

The agent’s own strategic convergence may also hinder the emergence of good
knowledge. Too fast convergence in the knowledge may be dangerous because it
develops over-specialized strategies that work well against the current opponent but
include no information even about the nearby part of the state space. To avoid
overspecialization, the agent may choose prevention strategies, such as picking
second-best action instead of the best one. Such a strategy leads to a better coverage of
the problem space, which may be suboptimal in the current round, but could help
against future opponents with yet unknown strategies.

3.2. Knowledge Sharing

The term ‘collective learning’ in recent works often refers to two distinct paradigms:
one is to use a collection of entities to build a common knowledge base that is above
the knowledge of the individual entities; and the second meaning is to utilize a
collection of entities to improve the local knowledge of each member of the society.
Certainly on the long term the two approaches converge, i.e. a high quality, collectively
built knowledge will emerge, but in terms of realization they cannot be more different.
In the first approach only the totality of the entities is smart, whereas in the latter case
smartness is present in each individual member locally. While clearly the first approach
is also very interesting and useful, I dwelve into the second direction because that fits
better with the vision of autonomic agents, as here each entity remains able to operate
individually, without the necessary presence of others, while utilizing the society in an
opportunistic manner.

Collective learning, in my model, means that autonomous agents based on their
autonomous decisions share their locally developed knowledge with selected others,
realized as a multitude of pair-wise shares in a centralized or self-organizing manner
but without stashing common knowledge centrally. This requires the followings.

A Agent coupling mechanism. A simple, preferably scalable and self-
organization-like mechanism that initiates and controls knowledge sharing by
coupling two agents, one playing the donor and the other the acceptor role.

A Decision making mechanism. A metric or mechanism for the agent to
evaluate itself, the current sharing partner and the actual environment in order
to make a decision whether or not to execute knowledge sharing. Both the donor
and the acceptor are autonomous agents, so it is their free decision what and

13
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with whom to share/accept, and how seriously to take an imported bit of
information. I made the simplification that agents playing the donor role, in
order to serve the common goal, are always willing to share their knowledge.

A Knowledge integration mechanism. A mechanism to integrate external
knowledge into one’s own knowledge base. This is a problematic part, as the
donor and the acceptor may have experienced completely different requirements
(opponent styles, game rules), and, even if that is not the case, their individually
developed strategies may follow highly different paths.

As for the general flow of the society-wide knowledge sharing mechanism, the following
assumptions were made.

A In each round, an agent plays n games against the same opponent.

A Knowledge import happens at the start of the round (when no actual game has
been played with the current opponent yet).

A The agent does not have access to the meta-data of the opponent, all that is
known at decision time is the unique identifier of the opponent, and a limited list
of the opponent’s recent gaming partners.

A The agent coupling mechanism assigns a single donor to the acceptor agent
which can either accept or refuse it. When accepting, the donor provides its
knowledge and the acceptor imports it. When rejecting, the acceptor starts the
round without knowledge import.

3.2.1. Agent Coupling Mechanism

The way donors and acceptors get assigned may be modelled in a centralized or in a
decentralized manner. In the first case, a central assignment logic selects donors for
acceptors; while, when decentralized, each agent seeks for a suitable donor without
central help or even synchronization. I defined three main directions.

Random donor assignment. A centralized logic selects a donor for each agent.
Implementation wise, this can be achieved in several ways, for example pure random
pick where the same donor may get selected for several acceptors, or a homogeneous
blending, where, after shuffling the list of agents, each agent gets its right-side
neighbour as a donor. The two realizations do not only differ in means of a donor’s
possible spreading speed, but, also in sense of the purity of the donor’s knowledge, i.e.
if the donor has already imported knowledge in this round from someone, diluting its
essence. However, measurements pointed out that the implementation details do not
influence results visibly when using a large enough population and randomized
opponent distribution. In the evaluation phase, the homogeneous blending was used
within the experiments.

History gutded donor assignment. The acceptor agent gets the opponent’s
last known partner, if any, as a donor. When the opponent has no previous partner, or
if that agent is not available any more (e.g. disappeared), as a fallback mechanism, a
random donor can be picked. The main idea behind this model is to enable the creation
of opponent-specific knowledge lines.

! For example, supposing random pick and linear order, even if both agent A5 and agent A10 get A8 as donor, they may
not get the same material. Hence A8, meanwhile, after donoring for A5, had a chance to import knowledge from
someone, diluting its original information content.
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Location based donor assignment. Agents have a physical location assigned,
and are able to detect other agents within their visibility area. The donor is one
random agent, or, alternatively, the nearest agent from their neighbourhood, if any.
The difference between picking a random donor or specifically the nearest one is not
the same as for random pick: when using nearest picks, there will always be agent pairs
that pick each other in both directions, as they are each other’s nearest neighbours. So,
picking a random agent from the neighbourhood helps preventing the overblending of
physically nearby agents.

3.2.2. Decision Making Mechanism

The acceptor, when its next opponent and next donor is known, needs to make an
autonomous decision whether or not to execute knowledge import, and, if executing it,
what weight to give to the imported knowledge.

Two basic approaches were distinguished: random decision and evaluation based
decisions. In case of random dectision, the agent imports the donor’s knowledge

with a fixed probability; the decision does depend neither on the actual donor nor on
the actual acceptor. In an evaluation based decision, the agent applies some

evaluator metric in order to make the decision. The following metrics were identified:

A Sliding window success rate: the empirical success rate over the window of the
last h games. The success of the agent largely depends on the current opponent
(e.g. a medium smart agent may consistently perform superbly against a dummy
opponent but may just so consistently fail against a strong opponent). Longer
windows depict the success rate more objectively — the effect of any specific
opponent is weakened with a larger sample —, but it also burdens the agent in
sensing when its knowledge gets deprecated.

1n
success rate= - 4 reward _x__games ago
x=1 Sliding window success rate

A Age: the number of games the agent played so far.

A Consolidated age. Measures the maturity of the knowledge rather than the
physical age. Consolidation means that the effect of knowledge deprecations and
imports are also taken into account. Algorithm I-1 describes how the
consolidated age of the agent should be updated after each step of finishing a
game, carrying out a knowledge deprecation step as part of the self-revision, and
after knowledge import.

Algorithm  I-1. Maintaining the consolidated age of an agent

function update_consolidated_age(event, consolidated_age) {
if event type is game_play ed_event then
return consolidated_age +1;
if event type is knowledge_deprecation_event then
return consolidated_age * event.deprecation_factor;
if event type is knowledge_import_event then
return event.donor_age * event.import_weight +
consolid ated_age *(1 -event. import weight);
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As for determining the weight of the imported knowledge, both random weighting
and evaluation sensitive weighting were considered.

3.2.3. Knowledge Import Model

The actual knowledge is manifested in matrix A and vector b of the agent, where the
size of these data structures depends on the number of features (A is m®*m and bis m
long, supposing that the number of features is m). This subsection covers the basic
case where the donor and the acceptor use the same feature set. the algorithm is
extended for any other case in the next subsection.

As A and b hold the agent’s knowledge, this is what the donor shares with the
acceptor. As shown previously, A and b are built up iteratively, thus, they are
additive. The knowledge import mechanism is defined as: the new knowledge of the
acceptor is a weighted combination of its old and the donor’s shared knowledge.
Supposing that the import happens with weight w I [0,1]:

Ahew = W’%nport + (1' W) Abriginal

bnew = Wbmport + (1- W)boriginal Knowledge impOIt model

Weights define the influence of the imported elements. An extreme case is suppressive
import where the original knowledge gets zero weight meaning that the imported
knowledge replaces the acceptor’s own. In this case the acceptor becomes the donor’s
equal copy or clone. This may be desirable if the imported knowledge is guaranteed to
be of high value for the future, while the knowledge of the acceptor is clearly non-
performing. However, suppressive import may easily lead to a drastic drop in the
population’s diversity which may become dangerous when the environment changes.
Non-suppressive or blending import of good knowledge may perform somewhat weaker
on the short term, but it keeps the population diverse which is a useful property on the
long term. Blending import may also accumulate a more general knowledge than the
suppressive one, because it tends to store information about uncommon parts of the
state space, which may become handy when usual strategies stop working.

Even blending knowledge import, when run on the large scale, may influence the
overall behaviour of the society. When there is only a small percent of agents in the
society capable of, or willing to, importing, the presence of independently developed,
pure knowledge is naturally guaranteed (non-importing agents are bound to have
independent, non-diluted knowledge). However, when all society members are overly
busy with blending knowledge with each other, the blend soon overtakes the place of
the individual information, and all agents, sooner or later, end up with the same
common blend, and once again, the population loses its diversity. I call the above
phenomenon knowledge overblending. However, if knowledge import is used carefully
in some self-controlled way and is equipped with a proper self-revision mechanism,
then it may, as experiments point out (see later), result in a highly improved success
rate both on the individual and on the common level.
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3.3. Knowledge Self-Optimization

Knowledge optimization is a mechanism that restructures the agent’s knowledge and
its way of sensing the world into a format that is presumed to be more ‘optimal’ than
the actual one. One cardinal point in this definition is that not only the actual direct
knowledge, so the data in A and b, is affected, but also the way the agent observes the
world, i.e. the feature list (so the dimensions of A and b). The actual knowledge may
indicate that certain features are obsolete (then let us stop observing them), redundant
(then let us not observe all of them), or seem to make more sense when combining
them in some way (then, let us create a new, combined feature). As discussed before,
the knowledge and the feature list are in a strong relationship, hence, they must remain
in sync during this process. The other crucial point in the knowledge self-optimization
is that as the knowledge in question is empirical its completeness and correctness
cannot be guaranteed, hence, the reorganization should happen with care.

The basis of the self-optimization mechanism is to re-organize features: remove
redundancy (feature extraction) and meaningless items (feature removal).

3.3.1. Feature Extraction

Feature extraction is rather a purpose than a specific tool; it is a common name for
several, often really un-similar methods that all serve the same goal: to make the set of
features better. ‘Better’ usually means less redundancy, as explicit or hidden
redundancy is a factor that machine learning algorithms cannot handle effectively®.
Feature extraction typically starts with taking a representative sample from the data
and analyzing the feature matrix of this sample. In the feature matrix, each row refers
to one line of data, and each column refers to one feature (e.g. m(%,7) means the ;"
feature of the " data sample). Traditional feature extraction techniques, such as
Principal Component Analysis [Pearson 1901], [Jolliffe 2002] or Singular Value
Decomposition [Golub and Van Loan 1996|, cannot be applied to our model directly,
because we do not collect data samples. On the other hand, we do collect a more
sophisticated extract from the world states: the state transition matrix A.

The basis of my feature extraction mechanism is the actual matrix A that, in some
sense, holds a sample of the world. I propose a cheap and intuitive approach to detect
redundancy in A based on correlation groups.

The algorithm is motivated by the observation that in a well trained agent, the
rows of the matrix A often seem to be very similar to each other. I model this
similarity by calculating the correlation between any pair of rows, defined as:

cov(Ai], A j]) _ EICAT - myg)(AIT- my;y)]

S NS Al S wilS Al

corr(Ai], A j]) =

Correlation group

where A[i] means the " row of A, cov is the covariance operator, E is the expected
value operator, ¢ means the expected value and o denotes the standard deviation.

Correlation group in matrix A is a set of rows whose pair-wise correlation with
each other is very high, for the showcase world the limit is 0.9.

2 Redundancy, for example. violates the assumption of feature independence, and biases the distance function.
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The outline of the feature extraction algorithm is the following: first, identify
correlation groups based on A, then, for each identified group, remove the concerning
original features from the feature list, rows/columns from A and cells from b, and
replace them with a single item that objectively represents the group. For example, if
the first phase identified row! and row2 as a correlation group, then, when
reorganizing vector b, the first and the second element will be removed from the vector
and a new element will be appended to the end of it representing the two removed
values (for example, the average of the two original values). Algorithm I-2 describes

the steps of the algorithm in detail.

There are several possible ways to identify correlation groups; the algorithm below
describes a greedy approach. After picking the first item for the correlation group
candidate, the algorithm tries to expand the group with new members in a way that
the new member correlates with all existing members. The algorithm does not take into
account that the order of joining the group is significant, and checking the candidates
in a different order could result in a completely different constitution. However, it’s not
necessary to have maximal correlation groups, so a greedy algorithm can be an
acceptable approximation.

In order to reorganize the features, the agent must maintain a post-processing
mechanism that creates the new features from the originally observed ones. I created a
feature calculation logic based on the composite design pattern: features can be either
simple or complex, where simple features refer to the physically observed elements (the
original properties the agent was able to observe at its start-up), while, complex
features refer to a set of features (e.g. the average of the components). After n rounds
of self-optimization, there may be at most n-1 levels of complex features present in the
feature set, as in each self-optimization round, one new level may show up. The agent
maintains its current feature set in a list called the feature list. When observing the
world, each feature on the feature list calculates its current value.

When reorganizing vector b, the original members get removed and a new aggregate
element is added.

When it comes to reorganizing matrix A, it must be taken into account that the
matrix is quadratic, so it is not enough to remove some rows and add a new one
instead, but also the columns must be handled the same way. However, the step of
removing/adding rows and removing/adding columns do not interfere, so they can be
performed in an arbitrary order.

Algorithm  |-2. Feature extraction

1 Find correlation groups in A. Greedy algorithm:
11 For each row iin A:
1.1.1 If i is already assigned to a correlation group, the n
continue with the next i.
1.1.2 Create a new correlation group G i.Putiinto G i
1.1.3 Forallrowsj>i:
i If j is already assigned to a group, then continue
with the next j.
1 If (for each row r in G . corr(A[r] Al >
CORRELATION_LIMIT), then put j |nto G
1.1.4 If t he cardinality of G i is 1 then throw G i away.
Otherwise save G ; to the list of correlation groups.

2  For each correlation group, update the feature calculation logic.
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2.1 For each rowld in the group: remove the corresponding feature
from the feature calculator | ogic.
2.2 Add a new feature that is the combination of the original
(removed) features. I used the average function as the

combination operator.

flnew| = g(f[rowld,], fl[rowld,],.. f[rowld,])
3 For each correlation group, update vector b.

3.1 For each rowld in the gr oup: remove the corresponding value
from b.

3.2 Add a new value that is the combination of the original
(removed) values. I used the average function as the

combination operator.

b[new| = g(b[rowld,], b[rowld,],.. b[rowId,])

4 For each correlation group, update matrix A.
41 For each rowld in the group: remove the corresponding row from
A.
4.2 Add a new row that is the combination of the original (removed)
rows. | usedthe average function as the combination operator.
Alnew| = g(A[rowld,], A[rowld,],.. A[rowld,])
4.3 For eac h rowed in the group: remove the column from A.
4.4 Add a new column that is the combination of the removed

columns, using the same combination metrics as for the rows.

The optimization algorithm has O(n’) computational cost and O(n®) space cost where
n is the number of original features. Note that matrix A contains n® values so it is
impossible to process it in less than O(n’) time. The most significant factor in the
computational complexity is the 1* step where the correlation of O(n®) correlation pairs
of n items long rows need to be calculated.

The feature extraction influences the feature count, therefore the size of A and b.
Each correlation group adds a new feature and removes as many old features as the
cardinality of group. If FC denotes the feature count, |z| means the cardinality of a
group, then the feature count can be calculated as follows:

FCnew = FCold +‘G

-alcl New feature count after feature extraction.

3.3.2. Feature Removal

Feature removal aims at removing obsolete features that only consume space and
processing power to get observed, but do not help the agent in finding a good strategy.
The prudent identification of such obsolete features is a hard task, however, simple
‘rules of thumb’ may help in achieving a similar effect.

Useless feature according to a matrix A is where the corresponding row and
column in the matrix are highly unfilled, i.e. these features are practically never used.

Algorithm I-3 describes how to remove useless features. Note that both the
horizontal and the vertical usefulness need to be taken into account, otherwise features
occurring in reward states could only be removed mistakenly (for these features, the
row corresponding to them will remain unfilled forever, but the corresponding column
is in active use).
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Algorithm  1-3. Feature removal
1 For each row r in A: determine if r is unnecessary

11 Count sum of values in the rth column (sum_vertical) and in the
rth row (sum_horizontal).
1.2 If sum_vertical < USEFU LNESS_LIMIT and sum_horizontal <

USEFULNESS_LIMIT then mark r as unnecessary.
2  For each unnecessary row r: remove the corresponding row and column.

3.3.3. Control of Self-Optimization

Self-optimization uses the actual knowledge as starting point, so the main success
criterion is the goodness, i.e. completeness and stability of this knowledge. Self-
optimization must not be performed on underdeveloped or unstable knowledge because
the faulty starting point results in even more faulty results. However, as the agent only

- I-
Algorithm  1-4. Complete feature de-optimization
1 Decouple the topmost complex features. For each complex feature
cf=(f 4,..f ) on the feature list decouple the feature
11 Decouple it in the feature list
1.1.1 Remove cf from the list.
1.12 Foreach f; in cf add f; tothe end of the list.
1.2 Decouple it in vector b.
1.2.1 Remove the corresponding row from vector b.
1.22 Foreach f; in cf addthe removed value to the end of the
vector.
13 Decouple it in matrix A
1.3.1 Remove the corresponding row from A
1322 Foreach f; in cf copy the removed row to the end of the
matrix.
1.3.3 Remove the corresponding column from A
1.34 Foreach f; in cf copy the removed column to the end of
the matrix.
2 If there are still complex features on the feature list (e.g. a cf
was decoupled to further complex fe atures), let us re - run step 1.
3 Add features that were thought useless.
3.1 For each original feature of that does not appear on the
feature list
3.1.1 Add of tothe feature list.
3.1.2 Add a new element to vector b with O value.
3.1.3 Add a new row and column to matrix A in a w ay that all
new cells are 0 except for the right bottom one which is
setto 1.
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