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ABSTRACT

LEARNING COORDINATION STRATEGIES
Myriam Abramson
George Mason University, 2003

Thesis Director: Dr. Harry Wechsler

How do we learn to accomplish complex tasks without knowledge of the end state? This
absence of teleological explanation characterizes complex systems. Rather, intelligent be-
havior to accomplish complex tasks emerges from the coordination of many actions or
many agents. Reinforcement learning is a general and powerful methodology to learn
complex tasks by acquiring complementary behaviors from local interactions. To represent
the actions of other agents, an efficient encoding of the state space must be found with a
function approximator. This thesis claims that learning coordination strategies of localized
behaviors can be achieved through self-organized and distributed reinforcement learning.
The distributed representation found in Learning Vector Quantization (LVQ) enables re-
inforcement learning (RL) methods to cope with a large decision search space defined in
terms of equivalence classes of input patterns like those found in complex problems. In
particular, this thesis introduces S[arsa]LVQ, a new hybrid reinforcement learning algo-
rithm, and shows its feasibility for Go, a coordination strategy game, and control tasks. As

the distributed LVQ representation corresponds to a (quantized) codebook of compressed



and generalized pattern templates, the state space requirements for reinforcement methods
are significantly reduced, thus decreasing the complexity of the decision space and conse-
quently improving performance. Exploration can drastically influence the speed and con-
vergence of this incremental algorithm. To this end, novel approaches to exploration based
on tabu search (TS) are introduced. TS is a flexible memory-based search mechanism.
This thesis shows how TS can be integrated with an RL algorithm like SLVQ and how to
avoid cycling through previous solutions. The learning by parts paradigm inspired from
behavioral psychology scales up SLVQ to partially observable states with a mixed-strategy

approach.

Xvii



Chapter 1

Introduction

make yourself empty before each move

Some natural phenomenon like a beehive or an ant colony have evolved their behavior over
millions of years to survive by coordinating their actions to one another. Implicit coor-
dination is a characteristic of intelligent and robust systems composed of simple agents'.
Coordination is one way to solve the fundamental survival problem and is also a way to
solve many other complex problems. Coordination problems are characterized by the tight
coupling between the elements of the problem. One way to tame this resulting complex-
ity is by a top-down decomposition of the problem space. Complex behaviors, however,
can emerge from the interactions of simple behaviors without hierarchical organization or

knowledge of the end state.

1.1 Motivation and Objectives

The claim of this thesis is that learning coordination strategies of localized behaviors can
be achieved through self-organized and distributed reinforcement learning. Here, strategy

is viewed “not simply [...] as a sequence of actions but a prescription for choosing an

!Simple agents, as opposed to complex agents, have only one behavior.



action”[61]. The goal of this research, in support of this claim, is to develop and analyze a
self-organized, distributed reinforcement learning methodology, using the game of Go as a
testbed. The relevance of this method is also shown by its successful application to control
tasks such as the cart centering and the mountain car problem. The learning task includes
the on-line partitioning of the problem space into equivalence classes to formulate a policy
mapping states to actions. Finally, the locality of this method is extended to partially ob-
servable states with the learning by parts paradigm. The overarching goal of this thesis is
to reflect the decentralization of the mind hypothesis[14]. As problems and models grow

more complex, there is a need for decentralized methods.

The need for coordination arises with the co-dependency of single agents for survival or
for the successful completion of a task. Coordination problems have been solved by mod-
eling those dependencies[90]. A coordination algorithm is a planning algorithm for the
management of different agents seeking to achieve a predefined desirable joint state. This
dissertation addresses the problem of learning coordination of actions without a model and

without knowledge of the end state in a pattern-based approach.

1.1.1 Coordination Strategies Examples

Coordination strategies are always about multiple agents and occur in adversarial or non-
adversarial situations (Table 1.1). In the synchronous case where one action occurs at a
time, which this dissertation addresses, the sequential decision task problem is formulated
as a coordination problem involving multiple agents. The asynchronous case with concur-
rent actions can be reduced to a non-deterministic synchronous problem where the effects
of actions are not always predictable. More than the locality of the interactions, what is

common in those examples is the agent-based decision model and the absence of commu-



Table 1.1: Types of coordination problems

| asynchronous | synchronous |

adversarial predators/prey | game of Go
non-adversarial swarms game of Life

nication. The goal or end product is implicit in their actions. Handcrafted solutions for

some of those problems have been found[42, 66].

The predators/prey pursuit problem In this classic example, the goal of the predators
is to completely surround a prey. Like in the prisoner’s dilemma, the predators and the
prey move simultaneously. If there is no deliberation among the predators, there must be
an analytical solution for each predator based on the current positions of the prey and the
other predators. Coordination is viewed as an emergent property of simple greedy agents

subject to environmental constraints[42].

Swarms Simple homogenous (identical) agents produce a time-dependent behavior from
local interactions. For example, the flocking behavior [66] examplifies an equilibrium
emerging from the local interactions of boids?. Simple rules governing the steering behav-

ior of boids with respect to their neighbors are enough to produce a pattern of aggregation.

Game of Go Go is the quintessential example of coordination strategy because the stones
receive their meaning from the other stones on the board (see Appendix A for an overview).
Unlike chess, the game starts with an empty board and, once put on the board, a stone rarely

moves. There is no intrinsic value in a move by itself like in chess. As we’ll see in Chapter

?Boids are computer simulated creatures in Craig Reynolds’ distributed behavioral model.



5, this game suggests that learning coordination strategies involves representing the current

state as a collection of moves, past and present, and their connectivity relationships.

Game of Life In this cellular automata game, the status of cells at time ¢ are determined
by the status of its neighbors at time ¢ — 1 according to some predefined rules. Learning

cellular automata rules is also a way to solve the coordination strategy problem[53].

1.1.2 The Coordination Strategy Problem

This problem encompasses the action selection problem. How to choose the right action
with knowledge of only the local situation so that it works together with other actions in
neighboring situations and without relying on knowledge of the end state? This thesis will
argue that coordination can be learned reactively through experience and that it can lead to
the emergence of higher-level skills. Problem solving is a practical skill like swimming[63]
and learning problem solving skills is like learning how to swim. One indication that a
problem has been correctly solved is that all the data is used to arrive at the solution, in-
cluding recognizing and eliminating irrelevant data. Complex problems require sometimes
the use of auxiliary operations but, in the end, all the relevant data blend harmoniously in
the solution. Coordination is an essential trait of problem solving and complex problems

can be reformulated as coordination problems.

The coordination problem is different from the planning problem where the object is to
learn how best to map out a sequence of subgoals in order to achieve a goal state. Here, the
goals are not reducible but are “induced” from the sequence of actions. For example, there
is no representation of a winning board to achieve in the game of Go as in the n-tile puzzle

where distance-to-goal methods such as A* are applicable.



1.1.3 Why Is Coordination Hard?

Learning coordination strategies is hard because the co-dependency between actions makes
the problem intractable. In addition, there is a path-dependence situation, that is, an action
influences the course of further actions. A hybrid learning framework is needed to (1)
infer the relevant dependencies between actions and (2) act in accordance to those depen-
dencies. Such a framework is described in Chapter 3. Previous approaches in distributed
artificial intelligence have assumed a model of those dependencies[90] while evolutionary

approaches has concentrated on learning rules of behaviors[33, 30].

1.2 Background

This thesis draws from several Al disciplines, namely reinforcement learning, game learn-

ing, and behavior-based learning.

1.2.1 The Promise of Reinforcement Learning

Reinforcement learning (RL) is our core learning methodology for coordination strate-
gies. RL was shown to promote coordination by learning complementary behaviors with-
out sharing information for cooperative or non-cooperative tasks[77, 32]. The update of
a state-action pair value, or backup operation, transfers information from successor states
in a bootstrapping process[88]. The basic stimulus/reward loop assumes an underlying
learning system. With RL the learning system is the policy itself: which actions get acti-
vated/inhibited determines what gets learned (the bias) which in turn determines the policy.

RL has this self-referential property of human learning. Sampling is inextricably part of



the learning process. Chapter 3 will introduce the two different models of sampling inter-

actions in RL, on-policy and off-policy.

RL’s performance in game learning has been demonstrated quite successfully with TD-
Gammon[92], but not in the game of Go[74]. It has been argued that the success of TD-
Gammon is less due to RL than to the coevolutionary nature of self-play triggered by the
non-deterministic domain landscape of backgammon[62] and that any locally successful
strategy such as hill-climbing will do. Indeed, in its simplest form, temporal difference
learning is a local “hill-following” method. The beauty of RL is that an optimal policy can
be found which will reduce to a local greedy strategy encapsulating look-ahead searches.
Other features of backgammon, such as the number of opponents needed to defeat a non-
optimal player might have contributed to the success of coevolution in this domain[68]°.
Reasons for the failure of the application of TD-Gammon to Go include the lack of smooth-
ness in the problem space and the difficulty in representing the global interactions of the
stones on the board. This thesis will present a self-organized, distributed approach to ad-

dress those problems.

1.2.2 Game Learning

Machine learning in games has been directed early on toward learning aspects of the eval-
uation function guiding the search[71]. Those aspects include the recognition of abstract
features, the selection of operational features, and the weight of those features in the eval-

uation function. Handcrafted features provide a terrific boost to the learning process but

3The Internet Go Server (IGS) rating system mimics the coevolution process: The probability of the
games and the players’ rating coevolve in a bayesian way so that the likelihood of the system as a whole is
maximized.



they are descriptive of the situation and do not have any prescriptive power* by them-
selves. Learning coordination strategies, that is determining which move is appropriate
given other moves, casts the learning problem in an agent-based framework instead of a
parameter-based framework. This approach requires operational features which character-

ize the pattern of interactions and that have prescriptive power.

Evolutionary methods has had mixed success in evolving behavioral strategies for the
multi-agent coordination problem in the predators/prey pursuit problem[33]. A similar is-
sue to learning coordination strategies is found in the related problem of evolving “teams”.
Evolutionary computation explores the space of behaviors and assigns credit to actions only
implicitly[56]. A consequent pitfall is to learn the next action to execute only in the context
of a specific task or game. Another pitfall of evolutionary computation in game learning
is the danger of learning the opponent’s weaknesses instead of the game itself due to the
contingency aspect of evolution or local minima issue. Competitive coevolution between
adversaries has been used to address this training issue but do not replace the need for an

existing strategy learning algorithm[68].

1.2.3 Behavior-based Learning

This type of learning exploits the decomposition of a task into patterns of behavior. Learn-
ing specific low-level behaviors occurs off-line and are integrated into a high-level behavior
either by a planner([3] or within a subsumption architecture[50]. Those approaches solve the
coordination strategy problem by selecting or filtering in the local actions that accomplish a

global, high-level behavior. Chapter 8 builds on this distributed perception approach. One

4A feature has prescriptive power when it is operational (i.e. can be recognized easily) and provides a
direction for action. For example, the safety of a group of stones (see Appendix A) is a descriptive feature.
The symmetry of a formation has the prescriptive power to play at the center of the formation.



problem with those approaches has been to learn the pattern of interactive behaviors rather

than handcoding the interaction network to produce a high-level behavior.

1.3 Overview

Chapter 2 introduces RL in a historical context. Its similarities and differences to other ap-
proaches are examined. Chapter 3 presents a detailed description of Sarsa Learning Vector
Quantization (SLVQ), a self-organized algorithm in the reinforcement learning framework
to learn the mapping of states to actions. Chapter 4 gives a brief background on Go and
computer Go, with Appendix A and B providing greater details. In Chapter 5, the exper-
imental methodology in the game of Go within the SLVQ framework is introduced along
with experimental results. The goal of this thesis is not to learn to play the game of Go as a
tournament class program but to learn from Go how to approach the coordination strategy
problem. Chapter 6 applies the SLVQ algorithm to continuous control tasks and shows
the relevance of the algorithm to other problems. Chapter 7 discusses issues in intelligent
exploration for reinforcement learning and shows how tabu search methods apply to this
algorithm along with some results in the game of Go. Chapter 8 presents the learning by

parts paradigm to scale up this framework to partially observable states.



Chapter 2

Reinforcement Learning

A meijin needs no joseki.

Reinforcement learning used to describe a class of problems characterized by trial-and-
error cycles such as pole balancing and illustrated by the basic feedback loop in Figure 2.1.
It has been formalized as the n-armed bandit problem: given a machine with two levels that
independently pays some amount of money each time a level is pulled, develop a strategy
to select which lever to pull that gains a maximum payoff over time based only on past
experience. In the n-armed bandit problem, the current state is abstracted away as the accu-
mulation of rewards. Reinforcement learning has grown to describe a learning method more
adequately called temporal-difference learning applied to Markovian problems. As Brooks
noted[7], artificial intelligence paradigms are driven by advances in technology. The rise
of embedded computer systems, physical or computational, with ongoing interactions with
the world fuels the need for incremental learning methods such as reinforcement learning.
This chapter introduces reinforcement learning by describing some of the paradigm shifts

that this technique involves.



’ Agent

state A action

1 reward
1

World [«@—!

Figure 2.1: Trial-and-error cycle

2.1 From Dynamic Programming to Reinforcement Learn-
ing

Dynamic Programming (DP) is an optimization technique for problems that can be solved
recursively with the characteristic that the subproblems are not independent and can over-
lap. Because of its recursive nature, the optimality of a solution is based on the optimality
of the solution to subproblems. Solving a dynamic programming problem means to find a
recurrence relation describing the problem. Bellman’s optimality equation (2.1) is such a
recurrence relation for sequential decision tasks where V'*(s) is the optimal value of state
s, a the action taken from s to s’ such that 3>, P%, =1, P%, = P(s|s,a), a € A, the set
of actions, 7 the current reward, and -y the discount factor, 0 < v < 1, weighing the future

rewards.

V*(s) = mgxz P [rey + 4V (s')] (2.1)

10



One can choose from two algorithms, value iteration and policy iteration, to implement
this recurrence relation in an iterative, bottom-up fashion, which is more efficient than
the top-down recursive approach. For both of those algorithms, a model of the transition

probabilities P2, must be provided apriori.

2.1.1 Value Iteration

The value iteration algorithm computes the optimal value of a state before computing a
policy based on this value. Algorithm 2.1 illustrates the two main loops of the algorithm.
Step 1 has to terminate before Step 2 can begin. The value function V*(s) and policy
function 7*(s) can be computed concurrently in a parallel architecture or in a fixed order as
in the Gauss-Seidel iteration. The Prioritized sweeping algorithm[55] optimizes this order

according to the size of the update step.

Algorithm 2.1 Value iteration

1. For all s € S, repeat until convergence
V*(S) = Imax, Zsl Psa:g/ [7“?5/ + ’YV*(S,)]

2. forallse S
7*(s) = argmax, > P& [réy +yV*(s")]

2.1.2 Policy Iteration

The policy iteration algorithm (Algorithm 2.2) interleaves the determination of a policy
function 7(s) with the evaluation of the value function V' (s) for this policy. The value
“determination” at step 2 of the algorithm should converge faster than in the value itera-

tion algorithm since only the action specified by the policy function is used. The policy

11



improvement at step 3 interacts with the policy evaluation at step 2 in a series of relaxation

steps.

Algorithm 2.2 Policy iteration

1. Given an initial policy 7

2. for all s € S, repeat until convergence
V(s) = Sy PR 1) 49V ()

3. foralls € S
7(s) = argmax, >y P% [re + 7V (s')]

4. if 7(s) is stable, stop; else go to 1

2.1.3 Reinforcement Learning

Reinforcement learning replaces the model based expectation of dynamic programming
with learning from sample estimates. Reinforcement learning does not necessarily learn
all possible mappings of state to action unless visited. It trades off sweeps of the entire
state space in dynamic programming for the price of visiting each state infinitely often for
convergence to occur. In practice, only the states needed to reach the goal need to be visited
for a satisficing solution. This approximation to an optimal solution rather than an accurate
optimal solution at greater computational cost enables the algorithm to adapt to changing
goals. Three basic RL types are distinguished: the adaptive heuristic critic model, model-
based reinforcement learning and direct reinforcement learning. The adaptive heuristic
critic is derived from the policy iteration algorithm where the policy evaluation acts as a
critic of the actor’s behavior (Figure 2.2). Model-based reinforcement learning (see Algo-

rithm 2.3) learns a model from experience by computing the transition probabilities P2,

Number of transitions (s,a)—s’
Number of times in state s

as while learning the value function V(s). This model in turn

12
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Figure 2.2: Adaptive heuristic critic

can be used to compute the policy function 7 or to replay experience as in Dyna[87] when
experience is scarce. This is a general approach to learning and planning as a simulation
of experience. But is computing a model really needed? Direct reinforcement learning
(Algorithm 2.4), of relevance to this thesis, learns an action value (s, a). Learning an op-
timal policy with direct reinforcement learning can be faster since there can be many such

optimal policies for one optimal value function.

2.2 From A¥* to Reinforcement Learning

The A* algorithm is a best-first search algorithm where the evaluation of a state s, s € S,
is the sum of the incurred cost g(s) of reaching that state and the estimated cost h(s) of

reaching the goal from that state.



Algorithm 2.3 Model-based reinforcement learning

e An initial behavior 7 is given

Initialize the learning rate o

Initialize Count{, , Count,

Initialize V' (s) randomly

Randomly generate s

While stopping condition is false

Countg, < Count, + 1

Select an action a to execute according to 7

Execute action a. Let r be the reward received and s’ the next state
V(s) <« V(s)+afr++V(s) —V(s)]

Countl, < Count?, + 1

Count®
a T s
PSS' <_l Countg
S« S

e Foreachs € S
7(s) = arg max, P%, [r% + YV (s')]

ss!

Algorithm 2.4 Direct reinforcement learning
e An initial behavior 7 is given

e Initialize the learning rate o

e While stopping condition is false
Select an action a to execute according to 7
Execute action a. Let r be the reward received, s’ the next state and a’ the next action
Q(s,a) < Q(s,a) + a[riy +7Q(s', d') — Q(s, a)]

s+ s

e Foreachs € S
7(s) < argmax, Q(s,a)

14



f(s) = g(s) + h(s) (2.2)

The function A has to be an admissible heuristic, i.e. it guarantees to find the optimal solu-
tion, provided it exists, regardless of the start state, by never overestimating (or underesti-
mating if solving a maximum problem) the distance to the goal. For example, the Euclidean
distance to the goal is such an admissible heuristic for path planning in robotics. Lookahead
and pruning can drastically speed up this algorithm. A* is an off-line algorithm requiring
a planning or simulation phase all the way to the goal before making the first move. Real
Time A*[41] interleaves execution with search and Learning Real Time A* (LRTA*)[41]
extends the A* algorithm to repeated trials (Algorithm 2.5). The heuristic values h(s)
converges to their true values after learning. LRTA* learns the optimal solution by back-
ing up the heuristic function from the evaluation of successor states in a one-step learning
approach similar to that found in DP and RL. However, finding the heuristic function is
often problematic, brittle, and requires a great deal of domain knowledge. Reinforcement
learning learns the heuristic function h(s) without a model and knowledge of the end goal
simply by keeping statistics on what led to a good outcome. The idea of admissibility in
the heuristic function carries over to RL with Q-learning and action penalties[39, 20]. The

Q-values are admissible if they satisfy the following condition:

Q(s,a) < Q(s',a) (2.3)
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Algorithm 2.5 LRTA*

Input an adjacency matrix of S, s € S
Generate arandom state s

Repeat

1. For each neighbor s’ of s
f(s') = g(s, ") + h(s")

2. h(s) < min f(s')

3. s« argming f(s")

until s is a terminal

2.3 From Genetic Algorithms to Reinforcement Learning

Genetic algorithms (GAs) are a different model-free approach to the reinforcement learn-
ing problem as formalized in the n-armed bandit problem. GAs are a technique to solve
optimization problems by encoding the elements of the solution space as binary strings.
GAs are population-based algorithms, learning off-line through internal interactions, via
the selection, mutation, and crossover operators, and only indirectly through interaction
with the environment via a fitness measure. GAs search the space of policies rather than
learn individual behavior. The credit assignment problem is addressed only implicitly[56]
since the policy itself, as a collection of actions, is assigned a fitness and not the actions

themselves.

Classifier systems[34] are a different kind of GAs. They consist of a population of rules,
mapping states to actions as condition-action pairs, and encoded as binary strings. In re-
sponse to an input, several rules fire in parallel and in succession. The bucket brigade

algorithm, characteristic of classifier systems, addresses the credit assignment issue by
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propagating back the feedback from the environment and has been shown to be equivalent
to a temporal difference method[23]. Figure 2.6 illustrates a simple classifier system. A

classifier can refer to any type of generalization algorithm.

Algorithm 2.6 Simple classifier system

Input A collection of classifiers as condition-action rules C'
Initialize the strength S of each rule c for each classifier

Repeat

1. Read the current state s
2. M <matching set of rules
3. Fire a rule ¢ of classifier z with a probability proportional to its strength

4. Siri1(cz, az) = (1 — @) Si(ey, az) + R+ a(Sei1(cy, ay)

2.4 Discussion

This chapter described the progression and relationship of off-line algorithms, DP, A* and
GAs, to the on-line learning method of reinforcement learning as a way of scaling up from
a closed world to an open and dynamic world. Leveraging from prior knowledge promises
in turn to speed up the convergence of reinforcement learning algorithms. The rest of this

dissertation will further flesh out aspects of reinforcement learning as they apply to SLVQ.
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Chapter 3

Sarsa Learning Vector Quantization (SLVQ)

Play at the centre of three stones

This chapter shows that the competitive learning rule found in Learning Vector Quantiza-
tion (LVQ) serves as a promising function approximator to enable reinforcement learning
methods to cope with a large decision search space, defined in terms of equivalence classes
of input patterns. In particular, this chapter describes S[arsa]LVQ, a novel hybrid rein-
forcement learning algorithm while Chapter 5 will show its feasibility in the game of Go
and Chapter 6 in continuous control tasks. As the distributed LVQ representation corre-
sponds to a (quantized) codebook of compressed and generalized pattern templates, the
state space requirements for on-line reinforcement methods are significantly reduced, thus
decreasing the complexity of the decision space while preserving a table lookup approach

to reinforcement learning.

3.1 Learning Framework

This section describes briefly the reinforcement learning and self-organization learning
principles required for the SLVQ algorithm (see Section 3.2). The overall framework is

illustrated in Figure 3.1.
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Figure 3.1: Learning framework

3.1.1 Reinforcement Learning Policies

In reinforcement learning, a learning agent interacts with its environment by taking ac-
tions and accepting input from the environment. Input from the environment constitutes
the state of the environment followed by an immediate reward. State information passed to
the agent summarizes all currently relevant information about the environment. In contrast
to a purely reactive agent, a learning agent is endowed with an internal state that summa-
rizes past history of its interactions with the environment. The environmental state and the
internal state of the agent together are the state of the system upon which the learning agent
bases its actions. An internal state enables an agent to generalize from previous experience
which is missing from purely reactive architecture such as the subsumption architecture[6].
The reward passed to the learning agent is a scalar reinforcement that serves to evaluate
current and past actions. While interacting with the environment, the agent follows a pol-
icy to determine what actions to take. A policy is a function, denoted as 7, that maps the
system state to an action to be taken by the agent. Through interaction with the environ-

ment, the agent learns either the value function V" (s) of a state s given a fixed policy ,
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or the action-value function, denoted as ()(s, a), of a state-action pair. What is learned is a
mapping to a “long-term” reward E[3 %, v'r'™!] where 0 < v < 1 and r! is the reward at
time ¢. This form of expected long-term reward is called “discounted future” reward over

an infinite horizon and has a finite value.

There are two basic ways of using experience in reinforcement learning: off-policy and
on-policy'. They differ only by the update rule used to arrive at an optimal policy (Figure
3.2). In an on-policy, the policy being updated (target policy) affects the selection of the
next move. In an off-policy, the move evaluation of the next best move affects the update
of the current move but the move selection does not depend on the policy being updated
and can come from a completely different policy (behavior policy). Both policies reflect
the bootstrapping strategy of dynamic programming to update the prediction for s; from
the next prediction s;;;. The off-policy, embodied in the Q-learning algorithm[98], uses
the estimate of the optimal policy for update of the existing policy and consequently sep-
arates exploration from control. The on-policy, embodied in the Sarsa algorithm[70, 88],
uses the current estimate of an existing non-optimal policy for refinement towards a better
policy 7* (see Algorithm 3.1) and combines exploration and control. The only guarantee
to arrive at an optimal policy with Sarsa is possible only if the control policy progressively
inches itself towards the optimal policy[81] as the exploration tapers off during training.
In both policies, convergence has been proved in the discrete, tabular case if each action is
selected infinitely often[99, 15]. Convergence has also been proven for TD()) in the linear

representation case[17].

An on-policy approach for game learning has more opportunities for active learning in

the exploration of moves as well as better on-line performance in “teaching” games. In

I'This is not to be confused with off-line and on-line updating. An offline updating scheme waits till the
end of a cycle to do batch update. An online updating scheme is incremental.
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addition, credit assignment to previous moves, or eligibility trace, is not limited as it is
the case for the off-policy approach where greedy control moves have to coincide with the

exploratory policy. Better informed exploratory policy will be the subject of Chapter 7.

3.1.2 Self-Organization and Learning Vector Quantization

Self-organization involves the ability to learn and organize (cluster) sensory information
without the benefit of a teacher. Learning is driven by measures of fitness, possibly evolved
over time. If the task to be learned is that of clustering, one example of such a fitness mea-
sure is that of similarity. The process of self-organization consists of iteratively modifying
synaptic weights in response to sensory patterns until an optimal configuration, according
to some closeness measure, eventually develops. One particular class of self-organizing
systems that are of interest to us are the Self-Organizing Feature Maps (SOFM)[40], which
are driven by competitive learning. In the competitive learning scheme, the output neurons
of the network compete among themselves to be activated or fired, with the result that only

one output neuron or one neuron per group is on at any one time. A neighborhood function,
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Algorithm 3.1 Sarsa

Initialize (s, a), the learning rate «, and the discount factor ~.
Observe the current state s
While stopping condition is false

1. Select an action a to execute according to 7
2. Receive immediate reward r

3. Observe the new state s’ and new action a’

4. Update Q(s, a)
Q(s,a) + Q(s,a) + a(r+vQ(s',d") — Q(s, a)

5. Update 7 towards 7*

6. Set s to s’

decaying with time, activates “other” neurons to learn from the same input. Consequently,
the locations of the winning neurons tend to become ordered with respect to each other in
such a way that a meaningful lattice-like coordinate system eventually emerges and faith-

fully represents the sensory input.

There are many situations where the clusters derived as a result of self-organization have
to be appropriately labeled as it would be the case for information retrieval. Towards that
end, one expands SOFM using a supervised learning scheme as it is the case with Learning
Vector Quantization (LVQ). In the case of LVQ, the labeled clusters collection correspond
to a (quantized) codebook of compressed pattern templates mapping the continuous space

R™ into the discrete topological space of the codebook vectors.

The LVQ algorithm[40] is a supervised clustering method in which each output unit repre-
sents a particular class or category. The weight vector for an output unit is often referred to
as a prototype or codebook vector for the class that the unit represents. It is also assumed

that a set of training patterns with known class labels is provided, along with an initial distri-
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bution (“seed”) of prototype vectors. After training, the neural net classifies an input vector
by assigning it to the same class as the (labeled) output unit that has its weight vector clos-
est to the input vector (see Algorithm 3.2). After learning, the probability density function
of the input is approximated by the modified set of discrete decoders or codebook vectors.
The distributed representation of LVQ into codebook vectors as generalization of the input
patterns significantly reduces the state space requirements and has a close correspondence
to a tabular representation of state-action pairs. The generalized Lloyd algorithm[46] is a
related algorithm, albeit without the topological ordering property, applying batch updates

rather than on-line updates to the codebook vectors as centroids of their respective partition.

Algorithm 3.2 LVQ

T <—1input vector

W; <—weight vector for the jth output unit

||z — W;|| <—Euclidean distance between the input and weight vectors.

e Assign a fixed number of reference vectors (“weights”) to each of the pattern classes.
Initialize the weights and the learning rate c.

e While stopping criteria is false

1. Select a sample z from the training set.
2. Find index j so that ||z — W]|is at a minimum;

3. If j belongs to the correct class
Wj(t+1) = W;(t) + ale — W;(t)]
else
W;(t+1) = W;(t) — afz = W;(t)]

4. Reduce monotonically the learning rate « as a function of ¢.
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3.1.3 Hybrid Learning

Learning algorithms provide different biases for searching the hypothesis space which gives
preference to certain generalizations. Only if the target concept matches the bias would a
learning algorithm be successful. For example, if a learning algorithm only searches the
space of conjunctive expressions, the target concepts it can learn are limited to this reduced
hypothesis space. Inductive learning is inherently biased because a choice must be made
between possible generalizations. In learning a policy mapping states .S to actions A, the
hypothesis space is the total number of state-action pairs 3,5 |A| or policy space. In large
state spaces, the learning task also includes searching the hypothesis representation S. For
example, the hypothesis space for the weights of a feature vector is R”™ where n is the
number of features. Hybrid systems try to build a synergy from complementary biases. In
the case of SLVQ, the bias of LVQ, or competitive learning, is to reduce the dimensionality
of the state space R" according to a Voronoi tessalation into “prototypes” and to minimize
the overall distance from the prototypes to the input distribution. The bias of Sarsa, or
temporal difference learning, is to minimize the distance from one action value to the next
temporal action value[89]. Together they define a new kind of function approximator based
on recognizing when to apply a certain action rather than evaluating the resulting state of an
action through simulation. This hybridization makes a powerful tool for intelligent control

and other applications.

3.2 The SLVQ Algorithm

SLVQ integrates Sarsa with LVQ. This integration loosely ties the estimation of the action-

value Q to the pattern recognition task of the situation (see Figure 3.3). This is in contrast
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to value function approximators which uses pattern recognition techniques to directly as-
sociate a state description to a value, e.g. the probability of success. An SLVQ codebook

vector is a tuple {m, a, Q, a}, composed of the following:

1. a weight vector m
2. the action value ), —1.0 < @ < 1.0
3. the local learning rate a,, 0 < a <'1

4. an action a corresponding to the pattern class of LVQ, a € A

............................ feedback .
L
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Stati : > m" Q" an| “n »| action a - Environment

Figure 3.3: SLVQ architecture

In the off-policy control algorithm, the action value of the best move a according to the
current estimate of the optimal policy is the one used for updating the state-action pair
Q(s, a) of the previous step. In contrast, in an on-policy control algorithm, the action value

of the next move taken a’ will be used to update the state-action pair Q(s, a) (see 3.1.1).
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The update of the weight vectors is a function of the change in the action-value of the move.
Let AQ(my, a) be the change in action value at time ¢ with action a and discount factor .
The weight vector m that matched s, most closely then moves closer to or away from s;

accordingly:

my = arg max similarity(sg, m) (3.1)
AQ(mta a) = Qp, [Tt + f}/Q(mla al) - Q(mta (1,)] (32)
m(t+1) =m(t) + AQ(my, a) [sy — my] (3.3)

Figure 3.4 shows an adaptive heuristic critic view of SLVQ where reinforcement learning

provides the critics through the Q-values and the LVQ codebook tuples are the actors.

______ reward
T TTTTTEEEE s ]
| ] 1
; v
World > Q
1
1
: TD error
action '
1
Fxploration _»_ LVOQ
A1:‘ .
actions

Figure 3.4: SLVQ adaptive heuristic critic architecture
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The choice of an on-policy approach gives us better on-line performance at the expense
maybe of less flexibility in exploration. The learning rate « is local to m and should decay
proportionally as a function of the number of times m won the competition for convergence.
Algorithm 3.3 shows the backward implementation view of SLVQ where the updates are
done at the end of an episode. This implementation holds constant the codebook tuples

until the end of the episode.

Algorithm 3.3 SLVQ

Input outcome is the reward at 7', the end of an episode
Procedure SLVQ(outcome)

while (T>0)
Codebook <+ {m,a,Q,a}r
§ + r+outcome - Q codebook
t<T
trace < 1

while (t>0)
lastCodebook < {m,a,Q,a};
lastCodebook.backup(traced, s;)
trace < trace\
t+—t-1

T+ T-1

outcome <— fYQC’odebook

Procedure BACKUP(delta, state)

Myt < my + agdelta(state — my)

Qt—l—l — Qt + atdelta

decay «
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The theoretical justification of using an on-policy approach with LVQ rather than an oft-
policy approach is that LVQ tries to approximate the probability distribution of its input by

minimizing its distortion:

E = /dz’stance(s,mc)p(s)ds (3.4)

where s is the input state and m, is the winning codebook vector. The error E will be
minimized if p(s), the input probability distribution during training, corresponds to the
target policy. The convergence of the algorithm is predicated upon the convergence of the

series Y_°q AQ(my, a) in 3.2.

3.3 Knobs

Successful setting of some of the parameters can drastically influence the learning speed
and convergence of this algorithm. In SLVQ, some parameters are set locally for each
codebook vector such as the learning rate o and the exploration rate 7 and some are set
globally such as the discount factor v, the eligibility trace decay parameter )\, and the
number of codebook vectors m. A goal of further research is to localize those global
parameters to enhance the distributed capability of the algorithm. The influence of those

“knobs” are examined below.

3.3.1 The Number of Codebook Vectors

There is a trade-off between the number of codebook vectors m and the learning speed.

If more codebook vectors are used, the internal representation of the task is more detailed
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and it takes longer to learn their relative relevance. This is the curse of dimensionality
for an algorithm such as SLVQ. States have to be visited infinitely often for a stochastic
approximation process to converge and a small number of codebook vectors will ensure
that states are visited often. With less codebook vectors, convergence is faster and often the
algorithm generalizes better. The number of codebook vectors to use can be dynamically
found with an unsupervised SOM preprocessing step[9] of example states. The action
label of the clusters found can be determined by a majority vote while preprocessing the

unclustered vectors again to arrive at a principled number of codebook vectors.

3.3.2 The Discount Factor ~

The 7 parameter, or discount parameter (0 < « < 1), balances the importance of antici-
pated rewards versus the importance of local rewards. Its role is to minimize the number
of steps it takes to obtain the actual reward since steps closer to the goal will be rewarded
more than others depending on the size of v . A discount of 0 implements a greedy strategy.
The number of iterations necessary for convergence is exponential as a function of ~y. It
also works to eliminate fast but ill-fated moves. However, quick but mediocre moves might
appear more favorable than slower moves with better results since they appear closer to the
goal and are reinforced more often. R-learning[76] proposes to learn average performance
instead of maximizing expected discounted rewards to remedy to this problem. A careful
computation of the final outcome can also help in this problem. When there is no clear
intermediate reward in an episodic task and the outcome at the end of the task is the only

scalar feedback, ~y is generally 1.
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3.3.3 The Eligibility Trace A

The ) parameter, or eligibility trace decay parameter (0 < A < 1), controls the temporal
credit assignment by rewarding state-action pairs that appear more recently in a solution.
It extends temporal-difference learning algorithms beyond the next step approach. It was
shown in [83] that the recency heuristic was more accurate than the frequency heuristic for
credit assignment in prediction problems. With A > 0, the temporal difference J between
two successive predictions is applied to past state-action pairs. When A = 1, TD methods
are equivalent to Monte Carlo methods[88], i.e. each update is based on the final outcome
rather than on the next successive prediction (see Figure 3.1 for the relationships of the
different RL methods). This (a) speeds up the learning process by spreading the outcome
to other close codebook vectors and (b) reduces the bias from the next prediction to several
predictions[89]. When coupled with LVQ, the eligibility trace defines a temporal neighbor-
hood around the winning codebook vector. Patterns that do well together will be reinforced

and tend to occur temporally together in an hebbian fashion.

Let the reinforcement learning feedback at time ¢ be:

0:(0) = 1 + YQe1 — @y (3.5)

Let & a situation that occurred before ¢, its credit assignment 0 (¢) at time ¢ is as follows:

8k (t) = A"%6,(0) (3.6)

The total update at the end of an episode 7' is then:
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T
o =Y AT, (3.7)
s=k

The total change for the weight vector m at the end of an episode becomes:
Am = a(s — m)dy

The credit assignment ,, depends on the size of the temporal differences ¢ and the recency
of k. The basic assumption of operand conditioning in psychology, on which reinforcement
learning is based, is that temporally related events are causally related. At the beginning
of the training process, temporally related events occur without justifiable causality as-
sumptions. It does make sense therefore to start with a large A to speed up learning and
incorporate a more reliable final reward and slowly decrease it as the next temporal predic-
tion becomes more accurate [89] like the radius of the topological neighborhood function
in SOFM (3.1.2). A second assumption in eligibility trace is that the greater the temporal
difference 9, the further removed is its cause which does not account well for “blunders”,

that is short-term mistakes with great consequences.

3.3.4 The Learning Rate o

Convergence in reinforcement learning, and stochastic approximation in general, has been
predicated upon an appropriately decaying learning rate such that >.7°; «(t) = oo and
S °[a(t)]? < 0o[99]. An optimal decaying rate for LVQ where codebook vectors are mod-

ified according to a positive/negative scalar feedback s(¢) has been shown to be «(t) =

a(t—1)

Trs(ai=1) [40] where the learning rate decreases if the feedback is positive and increases
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if the feedback is negative. The process converges only when the feedback becomes mostly
positive. A decaying learning rate gives equal weight to earlier and later examples and thus
assume a stable distribution of the examples. When the learning rate is %, where t is the
number of times a codebook has been updated, the weight vector reflects the exact mean of
the input weight vectors. Convergence is obtained mostly at the expense of optimality with-
out an appropriate exploration policy. The exploration changes the distribution of the ex-
amples (as in boosting? for example) and the codebook vectors should adapt to later rather
than earlier examples which motivates a constant learning rate as in TD-Gammon[93]. A
compromise can be achieved by dynamically adding new codebook vectors from the input

examples when no good fit is found instead of oversaturating the existing weight vectors.

3.4 Sources of Instability

There are two sources of instability in SLVQ: (a) if the feedback is negative, the winning
tuple {m, a, @, «} might oscillate between two competing codebook vectors leading to
two alternating sequences of actions; and (b) if the feedback is positive, a codebook vector
might become more general and attract more input states at the expense of other codebook
vectors thereby making the mapping from states to actions less specific (see “Collective
Entropy” in Chapter 7) and less optimal. Those instabilities are due to a mismatch be-
tween the weight vectors distribution and the input distribution in the quantization of the
state space. Bootstrapping from a semi-clustered search space (see 3.3.1) mitigates those

oscillation problems.

There is an inherent bias in temporal difference learning methods that favors hill-climbing

2Boosting is a resampling algorithm coupled with a weighted majority scheme that redistributes the pro-
portion of positive/negative examples to train a learner on different region of the problem space[73].
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at the expense of finding a global optimum. The Markov chain in Figure 3.5 illustrates
this problem. A longer path will be favored if successively “better” actions can be found.
The algorithm can get stuck at the first successful but suboptimal sequence of actions.
Discounting can reduce the magnitude of this discrepancy but this problem is compounded
for SLVQ where the update of the Q-value influences the update of the codebook vectors as
well. An efficient exploration scheme has to sample the space to reflect the true expected

return at any time to avoid this instability.

Q'=0.46 Q=0.1

r=1.0

Q’=0.51 Q’=0.67 Q’=0773

O—()—O)

0=0.5 0=0.6 0=0.7

Figure 3.5: Hill-climbing bias
Assuming identical initial conditions, a longer path will be favored
if each of its actions has been part of a successful sequence.

(a=0.1,y=1.0,A=0)



Chapter 4

Computer Go

if it has a name, know it

This chapter summarizes the issues and directions that are being followed in computer
Go. An overview of the game and the main concepts are given in Appendix A. A detailed

description of the implementation of different approaches is given in Appendix B.

4.1 The Complexity of Go

While several programs have become world champions!, Go is still a challenge for a com-
puter program and has replaced chess as the “drosophila” of Al. Although human expertise
might provide stronger programs, a knowledge-free approach will provide some insight
into achieving human-like intelligence and help augment other programs. Since Go is a
perfect-information, deterministic game, “solving” the game might seem like a possibility.
“Solving” a game means determining the game value of a move, win or lose, from any
arbitrary board position. This is different from finding a strategy for playing the game.

It has been shown however that Go is P-space hard[44] and therefore “solving” the game

!Chinook for checkers, TD-Gammon for backgammon, Bill for othello, and Deep Blue for chess.

34



Table 4.1: Go vs. Chess

35

Rubik’s
Cube Chess Go | Go | Go Go Go
Board Size 8x8 5x5 | 7x7 | 9x9 | 13x13 | 19x19
Avg Branching Ratio 30 — 40 9 18 | 30 61 180
Avg Number of Moves 50 40 | 89 | 140 | 220 250
Space Complexity 101 108 (78] | 101 [ 10% | 10%7 | 10%0 | 10172

with an algorithm computing an exact evaluation function is probably not practical. Ta-
ble 4.1 illustrates the complexity of Go compared with that of chess. The complexity of
a game is usually measured in terms of its branching ratio and number of moves. Space
complexity[2] is a compact measure representing the number of legal board configurations.
This number is quite large but can be estimated from Monte Carlo simulations. Go is also
hard for machine learning because there are no clearly identifiable features (see [5] for a
state-of-the-art survey). Rather, each feature is a pattern that, like fractals, grows into larger

and more detailed patterns.

4.2 Game Theory vs. Game Playing

Game playing has been firmly ensconced in game theory. Game tree searches owes its
origin to the Von Neuman’s minimax theorem which states that there is a minimum value
to a move, no matter what the opponent does. The minimax theorem assumes a zero-
sum game, that is, a player’s optimal strategy is to minimize an opponent’s gain. Game tree
searches based on the minimax theorem have been paradoxically extended to non-zero sum

games like Chess and Go. Such a generalization of the minimax theorem has been made



on the assumption that, to the extent that there is a winner and a loser, all games can be
thought of as zero-sum. For strategic games, a win or a loss has to be read over a sequence
of moves and requires a search. As long as the evaluation function is a good approximation
of the value of the board, even if the game tree does not reach a terminal state, the zero-sum

generalization holds.

The duality of acquiring territory vs. influence in the opening (joseki) moves is an illus-
tration of the non-zero sum aspect of the game of Go and the dichotomy of game theory
and game playing. Obtaining territory in one corner gives influence to the opponent and
determines whether in the next joseki move the opponent will fight for territory instead. If
fighting is to be avoided because of the players’ relative skills and the current situation, the
next best move might not be the optimal move in a game-theoretical sense and the player

should settle for influence.

4.3 Feature Weighting vs. Feature Discovery

Early efforts in game learning[71] has been in weighting the features of an evaluation func-
tion driving a game tree search. By hand-crafting the features of an evaluation function,
human expertise is transferred to a program. In contrast, a pattern recognition approach
tries to induce an evaluation function from an unbiased “raw” representation of the game.
Features can be then be extracted for understandability as a post process from a neural net
for example. Feature weighting is notably more efficient in reaching a competent level of
play but can quickly reach a ceiling. On the other hand, a pattern recognition approach
is capable of construing new features based on the current input and the stored patterns.

Together, they can provide a powerful synergy. For example, adding a set of hand-crafted
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features to a raw board representation has enabled TD-Gammon to reach the expert play

level[93].

4.4 Look-Ahead Search

Game playing has traditionally been viewed as a search problem based on the minimax the-
orem and learning approaches have been oriented toward making this search more efficient.
The minimax theorem assumes a zero-sum game where one player’s win is another player’s
loss. Strategic games violate this assumption in the sense that a win or a loss are read over
a sequence of moves and require a deeper search. In addition, a large branching factor in
the game of Go contributes not only to the impracticality of a pure minimax search but also
to the pathology of game trees[61]. If we look at the evaluation of a node as a probability
of winning rather than an absolute value, then the deeper the search, the worse the error in
the evaluation as values are backed-up the tree with minimax. This problem of error prop-
agation with the evaluation of a node as an approximation also occurs when using function
approximators with reinforcement learning[84]. Short look-ahead searches might be useful
to avoid “tactical blunders”[13], or specifically in the game of Go, to recognize patterns
such as ladders. No other factors such as improved visibility and node dependence seem
to occur in the game of Go to justify deep searches. Heuristics or rules of thumb are the
traditional alternative to search in large state space. Go lends itself well to this approach as

testified by the number of Go proverbs but heuristics conflict in their application.



4.5 Plan-Based Search

A goal-driven approach to the game of Go is based on the intuition that the purpose of
a good Go move should not only be a reaction to the present situation but should carry
some purpose. Those proactive moves are known as sente (Appendix A). Goal-driven ad-
versarial planning requires to find a goal or set of goals for which no countergoals can be
instantiated[79]. The difficulty in instantiating countergoals is usually a function of the
number of conjunctive goals G that can be satisfied and the number of moves m required
to execute them or % . If an achievable countergoal can be found, backtracking occurs.
Because the search is focused, this approach can be very quick even with large state space.
Testing for feasibility of a plan can also be fast since not all possible moves need to be
examined. There is however a computational tradeoff between focusing the search in the
state space and enlarging the search in the plan space with added knowledge. The difficulty
with this approach is in the evaluation of the goals themselves. There is no clear evaluation
of the urgency of the context except in relation to the urgency of the goal itself. An inte-
gration of the pattern and goal approach seems better suited for Go. Gobi[102] allocates
demons or plan critics over parts of the board to detect certain urgent situations and insert

appropriate plans into the agenda. This hybrid approach integrates tactics and strategy.

4.6 Decomposition-Based Search

Since Go is a perfect information game, it is conceivable that a combinatorial-based exact

evaluation exists without requiring look-ahead. In combinatorial games? such as Nim, the

2A combinatorial game is defined[31] as an episodic, perfect information, zero-sum game where the
winner is the last one to play.
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winner has the last move. Each move decompose the game into successive independent
subgames>. In Go, the board can be decomposed into independent subgames, that is a move
in one subgame does not affect the outcome of other subgames, towards the endgame or
when expert knowledge about the safety of a group can be used. Decomposition search[57]
evaluates the value of a game, i.e. a win or loss for the player whose turn it is to move, by
the combinatorial game value of each subgame. If from state s with n subgames, black can
move to b;...b, and white can move to w;...w,, the combinatorial game value of s, C(s),

is given by

C(s) ={C(b), ..., C(b,)|C(wr, ..., C(wp,)}

This combinatorial expression expands until a terminal expression where either black moves
first or white moves first occurs. This terminal value is then backed up the game tree. Dom-
inated solutions on either side are eliminated until a unique game value remains. Assuming
independent subgames can be found, decomposition search gives an accurate solution of

the value of a game.

4.7 Proof-Number Search

Proof-number search (pn-search) is a game-tree search algorithm comparable to alpha-
beta search. The game is played by continuously proving or disproving it. Pn-search is
attractive for Go because the evaluation of a node does not depend on prior knowledge but

simply on its contribution in solving a tree. A terminal node has proof number O, 1, or

3Subgames in game theory are subtrees of a game tree.
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oo, corresponding to true, false or unknown. Unknown values denote also frontier nodes,
i.e. nodes that haven’t been developed. Proving or disproving a tree involves developing
frontier nodes and backing up their values up the tree. A proof or disproof number is the
number of nodes that must be developed in order to prove or disprove the tree. Those
numbers can be used to direct the search towards the smallest subset of frontier nodes that
would solve the tree. As a result, the total number of node development to solve a tree is
reduced by focusing on potential solutions involving the smallest number of nodes. Pn-
search is equivalent to the heuristic of playing the move that would result in the smallest

number of legal moves for the opponent.

4.8 Pattern-Based Search

The pattern database forms the core of many Go programs (e.g. [28]). Patterns are repre-
sented as bitstrings for efficient bitwise matching or rule-based constraints between salient
stones. Associated with each pattern is a move value representing its relative urgency.
Scanning a board for patterns of different sizes can be done with a deterministic finite state
automata built from the pattern database. Starting from each intersection, the neighboring
intersections are scanned following a predefined path in search of a pattern. Tuning the
pattern database requires a great deal of skill and expert knowledge and the management
of over a thousand patterns. The automatic acquisition of patterns is an important research

area in Go which this research addresses.
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4.9 Discussion

The different avenues of research being pursued in the game of Go are an indication of the
difficulty of the game. Pattern matching is essential to speed up the search and has been
used especially at the beginning of the game where move sequences have been standard-
ized. Combinatorial game theory are particularly useful in the endgame. The middle game
has not been reduced to any single method and a combination of the different approaches
might be required. The next chapter applies SLVQ as a pattern-based inference approach

to Go.
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Chapter 5

SLVQ Go

Learn to play under the stones

This section shows the feasibility of SLVQ Go and its comparative merits compared to
other potential Go players. The interactive nature of reinforcement learning is particularly
appealing for game learning since the early days of Samuel’s checker player[71]. What
is learned through interaction with the environment is an optimal policy mapping states
to actions maximizing the total expected reward. Compared to other learning paradigms,
reinforcement learning has some nice properties for game learning: no expert knowledge
is needed and it is incremental, that is continuous learning against a variety of opponents is
possible. From a reinforcement learning point of view, Go is an episodic ! sequential-task

problem with discrete states.

5.1 Representation and Evaluation of the Board

The board is represented as a square matrix of stone objects. A list of legal moves is gen-

erated and passed to the players. Players play until no legal moves exist. A legal move

'Episodic tasks are considered infinite horizon tasks by treating the outcome as an absorbing state with
transition to itself [88]. This approach unifies the study of episodic tasks and continuing tasks.
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must not duplicate a previous board configuration and players must not play in their own
eyes?. This last constraint is necessary for the game to terminate without recognizing when
to pass. The evaluation of the board is done using the Chinese rules which allow a player
to fill its territory without penalty? and a program to play without recognizing life or death
patterns. No komi points were added for white and no prisoners were included in the final
score. Because of the large state space, it is helpful to view the game with continuous states
using the influence value propagation of the stones. After each move, the influence value
of the move (+1.0 for black and -1.0 for white) is propagated to neighboring stones (Figure
5.1). This representation was first used by Zobrist[103]. However, our propagation algo-
rithm is different and conveys the spatial connectivity between the stones. Each neighbor
(including diagonals), if it’s an empty point, computes its influence value by summing the
influence value of its neighbors (8-connected neighbors) with equal weight until no changes
occur in a ripple-like fashion (Algorithm 5.1). The influence representation of the board
as a one-dimensional vector is used for matching against the codebook vectors. At the end
of the game, the difference in territory (including the number of stones on the board) won
over the maximum territory is propagated as the reward. This somewhat simplified version

of the game still retains its main strategic aspects.

In this representation, each codebook tuple {m,a, @), «}, as a simple agent, has an asso-
ciated weight vector m representing the move of the other agents on the board and their
relationships through the influence value. Learning coordination strategies involves repre-
senting the actions of other agents and their relationships as part of the state of the world.
Beyond the game of Go, coordination strategies for simple agents can be represented as an

adjacency matrix of their relationships or grid structure.

%Including half eyes, but does not look-ahead for a potential capture of an enemy stone at one of the
diagonals.
3We used Robert Jasiek’s rules at http://home.snafu.de/jasiek/simple.html.
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-0.72|-0.73 |-0.49 |-1.00 |0.13
-0.7 |-0.741-1.00 |1.00 (0.4
-0.73|-0.6 |-1.00|1.00 |0.87
-0.62 |-1.00 |{1.00 |1.00 |0.93
-0.59 |-0.17 |0.34 |0.84 |0.92

Figure 5.1: Influence representation
of a 5x5 pattern

Algorithm 5.1 Influence Propagation Algorithm
Influence Propagation of a Stone

push stone in stack

while (stack)
stone <— pop stack

Foreach empty neighboring stone s
influence, <+ % >_; in fluence; where j is a neighbor of s
if Ainfluence > €
push s in stack

5.2 Matching

Matching of a board configuration against a weight vector is done using the fuzzy constrast
model [72, 97]. This distance is not a metric distance but takes into account the presence
or absence of certain stones in a pattern. This characteristic makes it extremely well suited
for the recognition of the vital stones in a game. Let a pattern P be represented by the set
of influence values p;; (after normalization) at each of its points. The similarity S between
patterns P and R can be computed as a function of their commonality and their reflexive

differences:
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Figure 5.2: Similarity of the codebook vectors

Closeness(P,R) = > > min {pij, ri;} (5.1
R
Contrast(P,R) =YY max {p;; — rij,0} (5.2)
i
S (P, R) = Closeness(P, R) — aContrast(P, R) — BContrast(R, P) (5.3)

« and [ represents the relative saliency of the prototype and the variant (input pattern).
The saliency of a board pattern P represented as a set of quantitative features by the
influence values of the stones can be determined, for example, as the density >°; > wi;pi;
where w;; is proportional to the inverse distance relationship of the move associated with
the pattern. Rotation and mirror symmetry of the board (8 transformations) are performed
on the input pattern P to compute a best match. Figure 5.2 shows the average similarity of
the codebook vectors selected in random 5x5 games slowly increasing with the number of

training games. The range of this fitness measure is between -1.0 and 1.0.
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5.3 Experimental Methodology

The initiatialization of the weight vectors is done from real games played against Gnugo®.
Bootstrapping from legal board games instead of randomly initializing the codebook vec-
tors reduces drastically the complexity of this game. Each board configuration makes up a
weight vector after the propagation of the influence values. The softmax exploration policy
was used with SLVQ (SLVQS) where action selection is implemented by adding a small
random number decaying with time to the action evaluation and picking the action with
the largest sum[88]. Learning from the opponent, made possible by the color invariance

property of Go, provides an even source of positive and negative examples.

5.3.1 Go Players

The following players are the adversaries, in addition to a random player, used in training

games in this research. Table 5.1 shows the relative strength of the players on a 7x7 board.

Wally Wally[52] is a low-level player but its moves are surprisingly good despite no
knowledge of the whole board situation. It uses simple heuristics: 1) capture; 2)
put in atari; 3) search the board for a pattern matching a table of “good” moves or-
dered by urgency and breaking ties randomly; and 4) if nothing else was found to do,
play a random move. The program[58] was modified to play white as well as black,
to play on different board sizes, and to reseed the random number generator every

100 moves.

“Heuristic” This player deterministically chooses the move generating the highest sum of

influence values. This evaluation is consonant with the input representation of the

“http://www.gnu.org/software/gnugo/gnugo.html
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Table 5.1: 7x7 baseline results averaged over 100 games
NN is a nearest-neighbor lookup based on the similarity function and
the initial codebook vectors

‘ black\white ‘ NN ‘ Random ‘ Heuristic ‘ Minimax ‘ Wally ‘

NN -1.0 1.0 -0.18 -0.10 -0.57
Random -1.0 0.75 -0.75 -0.74 -0.79
Heuristic | 0.13 1.0 0.47 -1.0 -0.62
Minimax 1.0 1.0 1.0 -0.05 -0.23

Wally 1.0 1.0 -0.09 0.48 0.55

board. This heuristic has much more strategic than tactical value but can narrowly

beat Wally when playing white.

Minimax This player chooses the move generating the highest sum of influence values in
2 ply assuming the opponent chooses the same strategy. It adds a lookahead to the

“Heuristic” player.

Monte Carlo Go (MCGo) This player learns to play Go with no prior knowledge in a
Monte Carlo approach. Each move has an associated weight and the policy is to pick
the move with the greatest weight. During training, moves are selected stochastically
according to a simulated annealing schedule. The weights w are updated with a mov-
ing average of the outcome of the game, w; = limy_, % ZkN:’Ol r*. This program
is based on the observation that the outcome of a game is more consistent for earlier

than later moves. This approach is loosely based on Gobble (see Appendix B). This

player is included for comparison purposes with another learning scheme.



5.3.2 Comparison Metric

It is hard to compare different reinforcement learning experiments since the end, perfor-
mance of the learner might matter more than how it got there. Moreover, the parameters
need to be tuned to the exploration method which makes comparison more problematic. It
is however useful to compare the learning power of an on-line algorithm and not just its
off-line results after training with a ¢-test. The Wilcoxon’s matched pair signed rank test
measures the statistical difference between two non-parametric distributions by measuring
the significance probability that the median of two matched samples are equal. It assumes
that, if the methods are not different, then the probability of a positive or negative difference

is equal, i.e. the differences are symmetric.

5.3.3 [Experimental Setup

The parameters had to be tuned to the task. Developing a set of defaults is the subject of

further research. The parameters were initialized as follows for the different experiments:

5x5 A =0.07
v=1.0
a = 1.0 decays as a function of ﬁwhere h is the number of times a codebook
vector has won the competition.
exploration 7 = 0.09
Total number of codebook vectors m = 300
MCGo temperature=5.0

MCGo temperature decrement=0.015

7x7 against the Heuristic Player:
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A =0.07

v=1.0

a = 1.0 decaying as above.

exploration 7 = 0.09

Total number of codebook vectors m = 1000
MCGo temperature=25.0

MCGo temperature decrement=0.015
7x7 against Wally and Minimax:

A=0.5

v=1.0

a = 1.0 decaying as above.

exploration 7 = 0.13

Total number of codebook vectors m = 1000
MCGo temperature=30.0

MCGo temperature decrement=0.015

5.3.4 Experimental Results

The off-line results with the greedy strategy show the average territory difference over 3
games for SLVQS (see 5.3) and MCGo playing as Black. Training was done against the
same opponent as the games played off-line unless specified. Smoothing of the graphs
(10%) ensures an easier readability of the performance trend in this complex game where
one move difference can drastically alter the outcome of the game. Winning corresponds
to a positive score (territory) difference over the opponent. Please note that Go is not a

zero-sum game and that winning rarely involves wiping out the opponent’s territory.
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Figure 5.3: 5x5 games against Minimax

5x5 A 5x5 game has approximately 10! possible configurations under rotational invari-
ance. The legal move constraints bring this figure down somewhat but the state space still
remains huge. A game has an average of 20 moves for each player. The codebook vectors
were initialized with sample boards from 17 games for a total of 186 vectors and the rest
filled with random weights. Figure 5.3 shows the comparative performance of SLVQS and

MCGo. SLVQS clearly learns to defeat the Minimax player and is better than MCGeo.

7x7  Increasing the dimensions of the board from 5x5 to 7x7 makes the game noticeably
more difficult. Table 5.1 shows the relative strengths of the players. The credit assignment
problem is more acute since a good move in a game that resulted in a loss will not be
recognized as such. A game now has an average of 40 moves for each player. The codebook
vectors were initialized from samples of 42 games or 659 codebook vectors and the rest

filled with random weights. Figure 5.4 shows results against Wally. The performance
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Figure 5.4: 7x7 games against Wally

of SLVQS improves as training progresses and converges to win narrowly against Wally.

SLVQS again clearly outperforms MCGeo.

Figure 5.5 and 5.6 show SLVQS winning against the “Heuristic” player and Minimax
respectively. Clearly, it is easier to learn a strategy against a deterministic player and
harder to learn to play against a tactical and random player like Wally since SLVQ has

only a generalized representation of the board and here again, SLVQS outperforms MCGo.

5.3.5 Move Analysis

It is instructive to examine the kind of moves that can be learned with SLVQS. Driven only
by the outcome as a global reinforcement signal and pattern inference, SLVQS learns from

random weight initialization to defend, connect, and capture (see Table 7.7, (a) and (b)). It
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Figure 5.5: 7x7 games against “Heuristic”
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Figure 5.6: 7x7 games against Minimax
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Table 5.2: Critical moves on a 5x5 board

SLVQS plays black
| | pattern | before training | after ~500 games |
(a)
(b) 5 B
(©)

also learns how to live by playing the correct sequence of moves (Table 7.7(c)). SLVQS
plays a good opening (Figure 5.7). It quickly learns the value of the center on a small board
and of the corners but it has some amount of senseless throw-ins which are necessary in the

endgame under the program’s rules which requires to play until no legal moves exist.

Figure 5.7: SLVQS opening against Wally
SLVQS plays black

Figure 5.8 shows a complete game record of SLVQS against Wally after ~2000 training

games. SLVQS wins with 16 points and a score of 0.34. A move-by-move comment of the



Figure 5.8: SLVQS vs. Wally complete game record

game follows.
With Move 1 and 3, SLVQS starts at the center of the board.

Move 5 is a poor move. Even if a tenuki® were desirable, a play at the corner is worthless
since it can’t enclose any territory. This type of move is due to matching an endgame

pattern. Fortunately, Wally follows it blindly with Move 6.
Move 7 is a poor shape.

Move 9-10 are similar to 5-6 above.

Move 11 is a reasonable move.

SLVQS succeeds in separating Wally’s stones with the sequence of Moves 11 through 21.

Move 21 might just be the decisive winning move of the game.

3 A tenuki is a move outside of the local area of play.
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Move 23 is a blunder. It should have been at BS which came later with move 27.
Neither side see the critical move at G4.
Move 39 is a good move. It makes territory for black and restrict territory for white.

Afer Move 50, SLVQS is in danger. It has two choices. Either fill in the ko in the upper
left corner or capture the white stones at the lower left corner. It captures, makes its second

eye, and lives.

In summary, SLVQS plays a strong opening in the center. There are some problems in the
influence value representation in distinguishing opening and endgame patterns. A phase-of-
the-game distinguishing feature should help. Wally fell victim of its own tactical strategies
and got its stones separated. So how good is SLVQ in reality? Chapter 7 and 8 will forge

the road ahead in finding ways to improve on those initial results.
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Chapter 6

Continuous Control Tasks

play slow, win slow; play fast, lose fast ...

Examples of control tasks include everyday’s tasks like parking a car, adjusting the tem-
perature of the water when preparing a bath, keeping a fire burning in the fireplace, etc.
Control tasks require constant adjustment by the operator much like taking turns in a game
where the adversary is the environment. The process is composed of a succession of states
and moves or actions influence the next state stochastically or deterministically. Those

tasks are characterized by a continuous search space.

6.1 Motivation

Continuous control tasks typically try to influence a physical process[19]. In simulation,
they can be represented as Markov Decision Processes (MDPs) with a limited number of
relevant variables and small steps to represent continuous time. Those tasks are different
from combinatorial tasks such as the game of Go where the representation is inherently
discrete and was “transformed” into a continuous representation using the influence value.
The smoothness assumption underlies continuous control tasks. It is the assumption that

similar actions apply for situations close in input space except at some boundary conditions.
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Those tasks define different conceptual neighborhoods and thus require different similarity
functions. What control tasks and combinatorial tasks have in common is their assumption
of the Markov property and their deterministic aspect. The cart centering and the mountain
car problems examined below are 2-dimensional control tasks varying position and veloc-
ity. Both of those problems require a long sequence of steps and the credit assignment
problem is compounded by the fact that the state trajectories can contain cycles. Previous
approaches to those problems have included genetic programming and the discretization of
the input space. The cart centering problem is compared against a genetic programming

approach and the mountain car problem against a tiling approach based on discretization.

A task can be represented by state-action pairs where the states are real-valued variables
describing the physical process at a moment in time and the action desired is typically a
non-linear function of those states. It is difficult to compute an exact solution to those prob-
lems. The cart centering problem is one of the few problems for which an exact mathemat-
ical solution is known. A solution for those problems involves computing a step function
for each action which divides the input space into continuous regions. A good similarity
function for those problems would therefore represent the graded correlation of a prototype

vector and an input vector.

6.2 SLVQ with Minimum Spanning Tree Topology (SLVQ-

MST)

The continuous control task problem assumes that input vectors that are close from a dis-
tance point of view will be in the same neighborhood and trigger the same action except for

those that lie at the boundary. It does therefore make sense for those problems to activate
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neurons defined by a neighborhood function or kernel to learn from the same input. Spread-
ing the reward around makes learning converge faster and less sensitive to changes in the
parameters. By doing so, a structural credit assignment is propagated to similar states and
similar actions. The Minimal Spanning Tree (MST) algorithm defines a topology connect-
ing the codebooks with a minimum total distance and thus defines local neighborhoods
with global optimality. The SLVQ control equation where m, is the winning codebook
vector at ¢ gets propagated to neighboring codebook vectors according to a neighborhood
function h.; and move label. Under SLVQ-MST, potentially all codebook vectors learn

from an episode. The update equations are modified as follows:

0 =7Q(me(t +1),a) — Q(me(t), a) (6.1)
me(t + 1) = me(t) + ac(t)o [s(t) — me(t)] (6.2)
| Similarity(m.,m;), if neighbor(c,i)att
hai(t) = { 0, otherwise 6.3)
| ha(t),  if samemove
= { . if dif ferent move 64
mi(t + 1) = m;(t) + ai(t)dn [s(t) — m4(t)] (6.5)

MST has been shown to fit better to certain distributions and to provide more flexibility to
changes in the input distribution than a fixed spatial topology[40]. The computational time
for the MST algorithm is O(n?) and might be prohibitive for large problems. Since the
relative order of the codebook vectors changes slowly, the MST neighborhood reordering
needs to take place only a few times. This modified SLVQ algorithm (Algorithm 6.1) is

used in the control tasks described below.
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Algorithm 6.1 SLVQ-MST
Input outcome is the reward at T, the end of an episode

SLVQ (outcome,T)

while (T>0)
Codebook < {m,a,Q,a}r
0 < r+outcome - @ codebook
t< T
trace <1
Codebook.MST_PROPAGATE(9,s;)

while (t>0)
codebook + {m,a,Q,a};
codebook.BACKUP(traced, s;)
trace <—trace\
t<t-1

T+ T-1
outcome <— rYQC’odebook

BACKUP (delta, state)

Myt < my + agdelta(state — my)
Qt—l—l — Qt + atdelta

decay «

MST_PROPAGATE (delta, state)
neighbors <—neighbors(radius)
for each neighbor

h < Similarity(state,neighbor)
neighbor. BACKUP(hdelta, state)

6.3 The Cart Centering Problem

The cart centering problem is a control problem where the goal is to find a policy or set

of rules towards a fixed point in the state space from any other point rather than finding an



optimal trajectory from an initial starting point as in the mountain car problem.

6.3.1 Problem Description

The cart centering problem involves pushing a frictionless cart of mass m on a one-dimensional
track until the cart becomes centered (Figure 6.1). A force of fixed magnitude F', a bang-
bang force, is applied either to the right or to the left at each time step ¢ . The two state
variables for this system are the position z and velocity v. The object is to find an opti-
mal policy to apply these bang-bang forces from initial random conditions until the cart
becomes centered at approximately position 0.0 and velocity 0.0. Under the optimal policy,

the bang-bang force is to be applied to the right if

ye
_p > LSign(v) (6.6)

F
2|
and to the left otherwise.

The movement of the cart is governed by the following equations:

a(t) = L0
v(t+ 1) = bound(v(t) + Ta) (6.7)
z(t + 1) = bound(x(t) + Tv(t)) (6.8)

where a(?) is the acceleration computed by Newton’s Law at time ¢, 7 is the size of the time
step (0.02 s), m the mass of the cart (2.0kg), and |F|, the magnitude of the force (1.0N) .

The control variable, left (-1.0) or right (+1.0), acts as a multiplier on the force F' at time ¢.



Positions are initialized randomly between —0.75 meters and 40.75 meters and velocity is

initialized to 0. The bound operation enforces the range of the variables.

The optimal solution to this problem was found with genetic programming[43] where the
experimental settings of this problem were taken. The payoff value was the time it took
to center the cart. The optimal solution was found after 1500 evaluations of S-expressions

composed of a limited function set {+,-,*,/,%,ABS,GT}.

(o) (o)

Figure 6.1: Cart centering problem

6.3.2 Distance Function

To evaluate the predictive power of the cosine and euclidean distance function for contin-
uous control tasks, we randomly generated 1000 codebook vectors and set the prototype
label as the action to take according to the optimal solution. We then tested the distance
functions with 100 randomly generated patterns and compared the prototype label they
returned when matching with the distance function against the action to take under the

optimal solution.

Each prototype vector m has two dimensions, i.e. the position x and the velocity v. The
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cosine distance function (—1 < d < 1) between two normalized prototype vectors m; and

my is defined as:

T1T9 —+ V1V2

(6.9)
\/f% + U%\/xg + v3

When the magnitude of the vectors is important, the euclidean distance function (d > 0) is

more appropriate:

\/(xl — 22)% + (v1 — 2)? (6.10)

The results in Figure 6.2 shows the superiority of the Euclidean distance function in this
problem and that the number of codebook vectors does not significantly affect the accuracy

of the function.

Distance Function Comparison
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Figure 6.2: Cosine and Euclidean distance function comparison
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6.3.3 Empirical Evaluation

The optimal solution to this problem starting from different random positions and null ve-
locity averages 76 steps in 100 trials. In our experiments, the Euclidean distance to the
goal (0,0) is propagated back as a negative reward if the cart does not get approximately
centered (£0.05) within the maximum number of steps allowed (110 steps). Otherwise,
+1.0 is propagated back as a positive reward. The two-dimensional codebook vectors (po-
sition and velocity) are initialized randomly within some certain distance of each other by
partitioning the input space into equal 3x3 areas. The Pareto optimality of the moves along

the pattern similarity and action value dimension is used for selecting the next move:

_ Similarity(s, m)Q(m, a,)
eval(s, a) = >om Stmilarity(s,m)Q(m, a,) ©.1D

where s is the current state, a the candidate action, and m the candidate codebook vector.
This approach combines discrimination and the reinforcement feedback and boosts explo-
ration at the beginning of the learning process. The learning rate o decayed monotonically.
SLVQ averages 77 steps in 100 trials after training for 1500 episodes over 3 runs with an
average accuracy of 88% measured as the average number of completed trajectories within
the maximum number of steps. Figure 6.3 shows the trajectories given by the optimal so-
lution for points starting at various positions and null velocity. Figure 6.4 shows the SLVQ
trajectories for the same initial starting points. Due to finite accuracy both the computed
optimal and SLVQ solutions end within an area of small uncertainty (£0.05) around the

optimum point (0,0).
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Optimal Trajectories
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Figure 6.3: Optimal trajectories

SLVQ Trajectories
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Figure 6.4: SLVQ trajectories
a=1.0,A=0.07,y=1.0,m=200



6.4 The Mountain Car Problem

This control problem was first introduced as the puck-on-the-hill problem in [54]. A fric-
tionless puck moves on a bumpy surface acted on by gravity and a thruster. This problem
has been reworked as the mountain car problem in [83] as an undiscounted task. The objec-
tive is to drive past the top of the mountain but, even at maximum thrust, the engine is not
strong enough to get up the steep slope (Figure 6.5). The only way to solve this problem is
to move away from the goal. This is a classic example of delayed rewards where a greedy

strategy would fail.

6.4.1 Problem Description

Goal

4? l gravity

Figure 6.5: The mountain car problem

Like the cart centering problem, this problem has two continuous state variables: the po-
sition x; in the range [—1.2,0.5] and the velocity v; in the range [—0.07,0.07]. However,
there are three possible actions: forward, backward and none, i.e. a; € {+1,—1,0}. The
absence of direction reduces the velocity just like when we stop accelerating before stop-

ping. The reward is -1 on all time steps in[83] and as an exponentially decreasing function
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of the proximity of the goal in [54]. The position and velocity are initialized randomly at

the beginning of each episode. The physics of the problem are as follows:

Tip1 = bound(xy + viy1) (6.12)

Vg1 = bound(vy + 0.001a; — 0.0025c0s(324)) (6.13)

The bound operation enforces the range of the variables.

6.4.2 Empirical Evaluation

A solution to this problem using Sarsa and tile coding is given in [88, 83]. Tile coding
discretizes a continuous input space into finer degrees of resolution with a fixed number
of binary features. This encoding of the state space evolved from the state representation
of CMACs[1] where the input space is mapped onto overlapping binary features which are
activated depending on the size of their receptive fields. A weight representing the expected
value of each tile is associated with a binary feature and the approximate value function can
then be computed as a linear combination of those weights. The reward is -1 on each step
and the total feedback is divided evenly among each tiles. A near optimal policy (104-109
steps) is achieved in less than 100 episodes with 9 tilings of 9x9 offsets starting at position

-0.5 and velocity 0.

In our experiments with SLVQ, the relative position to the goal is propagated back as a
negative reward if the car does not make it within the maximum number of steps allowed
(1000 steps). Otherwise, the relative number of steps is propagated back as a positive
reward since the starting position remains fixed. There is no intermediate reward/penalty

and no discount. The two-dimensional codebook vectors m (position and velocity) are



initialized randomly within some certain distance of each other by dividing the input space
into equal 3x4 areas. The Pareto optimality of the moves was used to provide a source
of exploring starts (see 6.3.3). The Euclidean distance determines the winning codebook
vector. The learning rate o was held constant. Figure 6.6 shows the trajectories of the
codebook vectors in the learning phase at 111 steps. Figure 6.7 shows the action takens by
the greedy policy with the active codebook vectors. A near optimal policy (111-119 steps)

is achieved in less than 100 episodes starting at position -0.5 and velocity 0.

SLVQ Codebook Trajectories
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Figure 6.6: SLVQ codebook trajectories for the mountain car problem
a=0.1,A=0.07,y=1.0,m=12

SLVQ learns to partition the input space into a Voronoi tesselation according to the empiri-
cal distribution of the data and the requirements of the task. It is therefore doing more than
the fixed representation of tile coding by trying to learn the representation as well as the
task but provides a more flexible computational approach for problems of high dimension-

ality. The fixed size discretization of tile coding is not desirable when different granularity
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SLVQ Mountain Car Policy
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Figure 6.7: SLVQ mountain car policy
and relevant codebook vectors at 111 steps

is needed in different regions of the state space. It is also possible with the SLVQ approach

to bias the search space with a proper initialization of the codebook vectors.

6.5 Comparison with QLVQ

The theoretical justification of an on-policy approach versus an off-policy approach was
outlined in Chapter 3. Indeed, QLVQ[11], as an off-policy procedure combined with LVQ
(see Algorithm 6.2), fails to converge in the mountain car problem with similar parameters
and initializations of the codebook vectors. Figure 6.8 shows the policy obtained by QLVQ
at 182 steps. Likewise, the performance of QLVQ in the cart centering problem[11] is far

from optimal with an average of 94 steps in 100 trials and 32% accuracy. For problems
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where delayed rewards is important, on-policy learning with eligibility trace has a faster

performance and better convergence properties.

Algorithm 6.2 QLVQ

e Initialize all Q(m, a), the learning rates « and £, and discount factor -y

e While stopping condition is false

1. Randomly generate state s.
2. m <+ f(s)

3.
4

. Execute action a,and let s’ be the next state, a’ the next action, and r the reward

Select an action a to execute.

received.

5. m' «+ f(s)

6. Update Q(m, a)

dg « [r +7v max, Q(m',d’) — Q(m, a)]
Q(m,a) < Q(m,a) + a(t)dg

- m(t+1) «—m(t) + B(t) [s-m(t)] if 6g > 0

m(t+1) < m(t) — B(t) [s-m(t)] if 6g < O

8. Reduce monotonically the learning rates « and /3 as a function of ¢.

Update the policy function 7 such that
ﬂ-(m) < argmaXges Q(ma CL)
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Figure 6.8: QLVQ mountain car policy
and relevant codebook vectors at 182 steps
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Chapter 7

Intelligent Exploration

with less than 15 stones in danger, tenuki.

On-policy reinforcement learning provides adaptive on-line performance which is a char-
acteristic of intelligent systems and lifelong learning. For efficient and “believable” on-line
performance, an exploration strategy also has to avoid cycling through previous solutions
and know when to stop without getting stuck in a local optimum. This chapter stresses

action inhibition as a characteristic of intelligent exploration.

7.1 Motivation

Unlike dynamic programming, an exhaustive sweep of the state space is not necessary for
convergence in reinforcement learning with an efficient exploration strategy. However, the
use of function approximation introduces a new dimension in the exploration strategy prob-
lem. The modification of the weight vectors in the trial and error exploration of the search
space introduces some information loss. Some weight vectors become undifferentiable.
This is the learning cost of exploration. An intelligent exploration of the search space
would minimize this cost by (1) focusing the search by examining only relevant portions of

the problem space and (2) sustain diversity by relevant modification of the weight vectors.
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The overall diversity of a set of codebook vectors, or collective entropy, can be computed
as — >_7 p; log, p; where p; is computed as the similarity of a codebook 7 to the normalized
identity vector. Figure 7.1 shows the collective entropy for different exploration rates with

the softmax exploration method (see 5.3) in 7x7 games against Wally.

The claim of this chapter is that exploration can be a destructive operation when reinforce-
ment learning is coupled with a function approximator and, unlike genetic algorithms, there
is no redundancy in the overlap of generations to protect against this entropy. For on-policy
approaches, exploration guides the convergence of the learning process since it controls the
update mechanism. In other words, the choice of a move affects the future choice of other
moves. It is also an opportunity to integrate prior knowledge with the learning process.
This chapter examines different exploration methods and issues and presents exploration
strategies for reinforcement learning based on tabu search which specifically refrains from
unnecessary exploration. With an adaptive exploration strategy, a behavior policy evolves

into an optimal policy.

7.2 Exploration Methods

The trade-off dilemma between exploration and exploitation, as illustrated by the two-
armed bandit problem, has been shown[35] to have an optimal strategy in the allocation
of an exponential number of trials to the observed better arm with respect to the observed
worse arm. With respect to sampling in reinforcement learning, this means that the ob-
served best action should progressively receive more trials. In this context, two types of

on-policy control methods are distinguished:

e Diffusion of the target policy towards other candidate actions. As training progresses,
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Learning Cost and Exploration

7.2 T T T T
— 0.09

6.4 L L L L L L L L L
0 100 200 300 400 500 600 700 800 900 1000

number of games

Figure 7.1: Entropy and exploration relationship

this diffusion lessens. The metaphor here is that of looking at something from far

away and then getting closer.

e Permutation of the behavior policy toward the target policy. The metaphor here is to

turn each stone systematically before moving forward.

This distinction is typical of problem solving approaches to exploration: instead of pick-
ing the best, or what we think is the best, pick something slightly different if possible or
try to permute the steps. One approach might be more natural than others depending on
the domain. A basic distinction has been made between undirected and directed explo-
ration approaches[96] where randomness might or might not be an ingredient to explo-
ration. However, even directed exploration based on search statistics can appear random if

content difference is ignored.
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7.2.1 Bonus/Penalty Approaches

Those approaches are typical of a diffusion of the target policy. A bonus/penalty decaying
with time is added to the evaluation of a move eval(s, a). Bonus/penalty based approaches

combine exploration and exploitation by maximizing a linear combination:

eval(s,a) = T.explor(s,a)

where 7 is the exploration rate (0 < 7 < 1) and explor(s, a) is the bonus/penalty strategy
followed and 7.explor(s, a) decays in function of the number of times a tuple {m, a, @, o}

was selected to be part of the solution.

<107 Bonus/penalty vs. hits

bonus/penalty

0 10 20 30 40 50 60 70 80 90 100
hits

Figure 7.2: Bonus factor for frequency-based exploration strategy
(r =0.03)

Bonus-based exploration strategies have the characteristic that the exploration rate depends
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on the uncertainty of the local environment, i.e. it is stronger when there is no apparent clear
winner. It is therefore self-starting and self-adjustable. Unfortunately, it does not escape
easily a local minimum if there is a clear local winning move. The following strategies

experimented with were as follows:

Softmax bonus random(0,1)

1.0
Recency bonus 57 s

1.0

Frequency bonus O Tre)]

Conscience penalty[21] %

where ¢, is the codebook tuple {m, a, @), a} under evaluation, Last(c) is the last episode
(game) that ¢ was selected, Hits(c) is the number of times that ¢ was selected and Candidate(c)
is the number of times that ¢ was a possible candidate for selection. The recency, frequency
and conscience methods constitute memory-based methods and hence are directed meth-

ods.

7.2.2 Comparative Results of Bonus/Penalty Approaches

Following the experimental methodology outlined in 5.3, Figure 7.3 shows the results on
a 5x5 against Wally with a random initialization of the codebook vectors and comparing
with MCGo (see Chapter 3). There is a statistical difference in the performance of all the

exploration methods vs. MCGo.

Figure 7.4 shows the results on a 7x7 against Wally and comparing with MCGo with ini-

tialization of the codebook vectors with real games. For the parameters shown, there is a
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Figure 7.3: 5x5 bonus/penalty exploration methods vs. Wally
with random initialization on a 5x5 board
(1 =0.09, ¢ = 0.05,y = 0.99, A = 0.05)

statistical difference between MCGo and the conscience strategy (p < 0.0005), the soft-
max strategy (p = 0.03464), and the frequency strategy (p = 0.003074) but not with the

recency strategy.

7.2.3 Training

Training is a behavioral type of directed exploration as opposed to a memory-based type
of exploration. Good training should provide non-random variation from expert play[27].
Self-play has been shown to provide little variation in Go and overlook important areas
of exploration[74]. Figure 7.5 shows the result of self-play training against Wally and

Minimax in 7x7 games with the softmax exploration strategy7.2.1. Although SLVQ’s play
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Exploration Methods
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Figure 7.4: 7x7 bonus/penalty exploration methods vs. Wally
with real games initialization on a 7x7 board
(r =0.09,a=0.2,y=1.0, A = 0.07,m = 1000)

performance improves slowly through self-play and narrowly wins over Wally, it reaches a

plateau after about 10,000 games.

Does training on simpler problems help in solving the original hard problem? This idea is
known as shaping in behavioral psychology and has been shown to boost the reinforcement
learning process for complex problems[64]. Handicap Go where stones of the weaker
player are placed on the board prior to the game makes the game simpler (by making the
goal, i.e. winning, easier to reach) without breaking it up into independent subtasks. Figure
7.6 shows that playing against a random player is more conducive to learning with SLVQ
than making the game itself simpler with handicap stones. The diversity provided by a

random player prevents overfitting and thus enables a knowledge transfer to take place.

Training works because it provides positive feedback. Both types of feedback are necessary
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7x7 Self Play Training
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Figure 7.5: Self-play training with softmax in 7x7 games vs. Wally and minimax
(r = 0.13, decaying o,y = 1.0, A = 0.5)

for learning to take place. Active learning, which purposely look for informative examples,
is necessary when one type of feedback is scarce. The necessary experience must be sought
out sometimes. For example, boosting[73] changes the distribution of the examples to give
more weight in the learning process to the misclassified examples. As described above,
each unfruitful example has a cost in competitive learning because of the reweighting of

the codebook vector. This cost can be minimized if truly different examples are sampled.

7.3 Tabu Search Exploration for Reinforcement Learning

The convergence of reinforcement learning based on stochastics depends on visiting every

state infinitely often. The Bellman optimality equation is predicated on the value function
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Figure 7.6: Knowledge transfer from two different training methods
for the first 500 games: 2 handicap stones and random opponent
(1 =0.09,a = 0.1,y = 0.99, A = 0.07)

representing a good approximation of its expected return.! This is not obviously feasible for
large state space. Exploration helps with convergence not only in guiding what to explore

but also in deciding what not to explore. Tabu search (TS) explicitly addresses this aspect.

7.3.1 Meta-Level Search

Meta-level search addresses the question of how to search in order to learn. Genetic al-

gorithms, simulated annealing and tabu search are considered metaheuristics, or general

IRecall in dynamic programming, the Bellman optimality equation for V* is
V*(s) =max »_ pl[Re +7V*(s)]
a !

Reinforcement learning replaces prior knowledge of the transition probabilities by an estimation based on
sampling next-state returns.
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search strategies, built on heuristics for the application domain.

Genetic algorithms evolve a population of solutions. They search through the space of poli-
cies, i.e. collections of mappings from state to actions. For example, SANE[56] evolves
neural networks blueprints, i.e. combinations of neurons, from partial neuron solutions.
Each individual in the population, as a combination of neurons, is a potential optimal pol-
icy. In this approach, the next move is always the next best move. Genetic algorithms
search at the population level through selection, mutation and crossover. In contrast, sim-
ulated annealing and tabu search are exploration strategies of the environment through the
selection of moves. They search for promising moves and not promising combinations
of moves, i.e. policies. The best policy emerges from interactions of the task with the

environment only and not from internal interactions as in genetic algorithms.

Tabu search[29] is a meta-heuristic that, unlike simulated annealing and genetic algorithms,
uses knowledge of the history of the search instead of blind randomization to navigate
through the search space and escape local optimum solutions. It uses knowledge by re-
membering characteristics of state-action pairs. It generalizes the memory-based methods
described above (7.2.1). We must be able to recognize a solution (aspiration criteria) and
we must be able to focus our attention on promising regions of the search space while
avoiding cycling through previous solutions. Technically, a tabu search approach involves
picking the best candidate that is not marked tabu from a candidate list, i.e. that is not on
the tabu list, and override the tabu restriction if the candidate satisfies the aspiration crite-
ria (see Algorithm 7.1). Theoretically, a tabu search approach involves recognizing what is
right, what is new, and what is similar in the candidate solutions. In contrast, randomiza-
tion is considered a weak diversification method. The tabu search approach has a principled

way of choosing exploitation over exploration. For problems where the state space itself is
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exponential in nature, the speed-up of frequency-based methods as noted in [95] does not

reduce the search to a polynomial case.

Algorithm 7.1 Tabu Search
1. Choose an initial feasible solution ¢

2. Generate candidate solutions in the neighborhood of 4

3. Filter out solutions that do not meet the aspiration criteria and that are marked tabu
4. Select the best candidate solution j.

5. If candidate solution j improves on solution z,set 7 = j

6. Update tabu status of candidate moves and aspiration criteria

7. If stopping criteria is met, stop, else go to 2

Tabu search and simulated annealing belong to the permutation type of exploration methods
where the selection of moves is not a function of their evaluation. The “least” tabu move
is selected if no moves satisfy the aspiration criteria and all moves are tabu. A tabu search
entails the definition of the aspiration criteria and the specification of the tabu list structure

which are discussed below.

7.3.2 Aspiration Criteria

What could be an aspiration criterion in a reinforcement learning approach? In other words,
how do we recognize such a compelling move in an on-line learning approach versus a best
move according to current estimate? The consistency of a move with a positive outcome
can be measured after a certain number of trials within a certain window size if a non-

overlapping confidence interval with other candidate moves can be found:
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Q= too1——, Q@+t ——]

Vn v

given ¢ = {m,a,Q, a}, a codebook tuple, where @ is the sample average of Q. , s the
sample standard deviation of @), and t,,_; the critical value of the t distribution with n — 1
degrees of freedom for a specified confidence level. For a 95% confidence level and n = 30,
t,_1 = 2.0452. The best move with a non-overlapping confidence interval constitutes such

a compelling move.

An aspiration criterion defined by the predictability of a positive outcome models the pref-
erential treatment of attentive behavior to states with high outcome reliability[85]. Selective
attention, the capability to discriminate between input states, has been shown to increase
with the consistency of the outcome and decrease with variability. An aspiration criterion

is necessary to focus the search for convergence.

7.3.3 Tabu List Strategies

Restrictions on the candidate moves structure the search space to explore variations in a
local neighborhood. This is equivalent to systematically turning each stone in a region of
the search space before looking elsewhere. When restrictions are temporal restrictions, a
tabu list stands for a short-term memory. Otherwise, a tabu list is similar to a nearest-
neighbor type of approach where the neighborhood can be defined in different ways. The
tabu list structure is the source of diversification as well as intensification modulated by the
tabu tenure parameter. Some different approaches to structuring a tabu list in the context of

SLVQ are introduced below.
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Simple Tabu Search (STS)

Similarly to the temperature in simulated annealing, a tabu tenure is defined over the moves
on the tabu list. The policy becomes greedier as the tabu tenure declines to 0. Candidate
moves are ordered according to their evaluation and the best move that is not tabu, i.e. not
on the tabu list, is picked and thereafter becomes tabu for the length of time specified by
the tabu tenure parameter by setting its tabu status. All other moves on the tabu list see
their tabu status decline (Algorithm 7.2). To avoid cycling through previous sequences of
moves, the tabu tenure of each state-action pair is set with some random variation of each
other. As opposed to the bonus/penalty approach, the rate of exploration can be controlled
to match the training time as in simulated annealing by adjusting the length of the tabu
tenure as an initial global parameter. The length of the tabu tenure determines the degree
of intensification or diversification and can vary adaptively according to the reinforcement
feedback. The tabu tenure parameter decays locally in proportion of the number of times 5

that an action has been used:

TabuStatus = TabuTenure * 0.99"

The Elite List Strategy

Aspiration status and tabu status are often mirror images of each other. Exclusively se-
lecting one type of move renders the others “tabu”. This strategy combines seamlessly an
on-line and batch approach to reinforcement learning. The best moves are selected repeat-
edly and updates are stored in a buffer until the aspiration tenure of the moves expires. Once

updated, their aspiration status might change and other moves get a chance to be selected.
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Algorithm 7.2 STS Move selection

PICKMOVE(board, legalMoves)

1. matches < all legal move tuples matching the board

2. bestMatch < arg maXg;miarity (matches)

3. tabuMatches <— tuples with tabu moves (tabu status > 0)
4. permissibleMatches <— non-tabu move tuples

5. if bestMatch satisfies aspiration criteria
tuple <— bestMatch
jump to 7

6. tuple <— argmaxsimiarity (Permissible Matches)
7. tuple.tabuStatus<— tabuTenure

8. for all tuple €tabuMatches
tuple.tabuStatus <— max(tuple.tabuStatus — 1, 0)

9. return tuple.move

This buffering of the backups has the added benefit to stem out noise from subsequent

moves of the game.

tabu tenure

Q=Q+ Z AQy

t=1

tabu tenure
m=m + Z Amt
t=1

Concept-based Tabu search

A tabu tenure can be computed not only on search attributes but also on the move attributes

themselves. This is where the opportunity to integrate domain knowledge arises and the
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capability to select truly “different” moves based on content arises.

The operational characteristics of moves in Go can express different purposes or strategies

(see Appendix A):
Claim Increase the player’s sum of influence values
Defend Increase the player’s sum of liberties

Connect  Join two groups
Invade Decrease the opponent’s sum of influence values

Attack Decrease the opponent’s sum of liberties

More abstract features, such as safe or expert move, could also be determined off-line with
a supervised learning approach[13]. Here, we do not try to evaluate the moves themselves

but use their categorization to guide the exploration of the search space.

Since the prototype vector m gets updated, action a can represent different move strategies
and the determination of the move strategy has to be made in relation to the input vector.
Once a tuple {m, a, @, o, T, TabuTenure} is selected and put on the tabu list as well as
candidate moves of the same strategy, the tabu status of tuples with a different move strategy
decline. Because of the generality of the attribute, if nothing can be selected, a new tuple
with a legal move attribute that is not tabu can be generated before selecting the least tabu

move attribute that match more closely the input vector. An example follows.

The categorization of the candidate moves in Figure 7.7 is as follows:

Attack AB,C,D,EF
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Figure 7.7: Candidate moves in life-and-death pattern

Invade N,0.P.G,Q

M, L, K, I, J and H do not accomplish any purpose and are therefore removed from the
candidate list if included. If move F' is selected, the tabu status of the corresponding tuple
is set to the tabu tenure parameter. The tabu status of moves A, B, C, and D are set as well.
Table 7.1a shows the tabu list after the first move with a global tabu tenure parameter of 3.
Let’s assume White plays A afterwards. Black will then play an invading move if any are
on the candidate list since all attacking moves are tabu. Let’s assume Black plays O. Table
7.1b shows the tabu list after this second Black move assuming codebook vectors for all
the invading moves are found. Tuples with a tabu status of 0 are removed from the tabu list.
The tabu status of the tuple associated with move F' won’t be reconsidered until it becomes

a candidate move again.

Table 7.1: Tabu lists for the first 2 moves in Figure 7.7

‘ a ‘ {E3} {B,3}{C,3}{D,3}{E,3},{A,3} ‘
| b [ {0.3}{N.,3}{P3}{Q.,3}{F2}{B,2}{C.2}{D,2}{E,2} |




7.3.4 Empirical Evaluation

The experimental methodology outlined in Chapter 5 is followed here as well. Figure 7.8
shows the performance of the TS methods for the pattern in Figure 7.7. In this life-and-
death pattern, SLVQ plays black against minimax. Even that black starts at a disadvantage,
it wins against its minimax opponent under all the TS strategies but not with the softmax
strategy. The elite strategy focuses the fastest on this problem. Figure 7.9 shows the per-
formance of TS exploration methods compared with the softmax strategy in 7x7 games.
The TS strategies search the space more effectively than the softmax exploration strategy
and generally arrive at a solution faster. There is a statistical difference between concept-
based TS and softmax (p = 0.0003046). For computational purposes, concept-based TS
categorizes a move by considering only its direct 4 neighbors and the influence values of

the current board configuration:

CLAIM move into friendly influence value

DEFEND at least one friendly neighbor and at least 2 liberties

CONNECT exactly 2 friendly neighbors

INVADE move into unfriendly influence value

ATTACK atleast 1 unfriendly neighbor

Figure 7.10 shows the offline results from self-play training against Wally and Minimax

over 3000 games with STS. There is a statistical difference (p = 0.03521and p = 0,

respectively) over the results obtained with the softmax exploration strategy (7.5).
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Figure 7.8: Exploration methods vs Minimax for pattern in Figure 7.7
(TabuTenure =5, = 0.1,y = 1.0, A = 0.2)

7.4 Discussion

A thorough exploration of the search space as found in tabu search(TS) gives a mechanism
for escaping local minimum states of gradient search algorithms and avoid cycling through
previous sequences of solutions. As a directed search method based on content rather than
search statistics, TS provides an opportunity to integrate domain knowledge and concept
learning in RL algorithms. By focusing on promising regions of the search space quickly,
TS methods speed up the convergence of on-policy RL algorithms. In addition, TS serves
also as a training method for game playing by suggesting non-random variations around

the best candidate move.
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Figure 7.9: Tabu exploration methods vs Wally on a 7x7
with game initialization of the board
(TabuTenure = 3, = 0.2,y = 1.0, A = 0.07,7 = 0.09)
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7x7 Self Play Training with STS
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Figure 7.10: Self-play training with STS vs. Wally and Minimax
(T'abuTenure = 5, decaying o,y = 1.0, A = 0.5)
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Chapter 8

Learning by Parts

corner, side, centre.

The holy grail to the game of Go and other complex problems has been to learn on simpler
problems and reuse this knowledge recursively or hierarchically. This approach has deeply-
seated cognitive roots in problem-solving tasks. It is useful to take the multi-agent systems
perspective in distributed problem solving! because of the social agency metaphor and its
implied absence of global control in its division of labor. The SLVQ approach can be ex-
tended to heterogenous agents with different views of the current situation. Each candidate
move and supporting pattern reference vector represents an agent vying for action. In the
game of Go, this will allow us to represent the relative urgency of tactics, i.e. local moves,
and strategy, i.e. global moves. This chapter extends SLVQ with learning by parts using a
game-theoretical approach. An adaptive Wally is built using this approach. Adaptive Wally

is then compared against the single-agent approach.

!See[25] for a comparison between multi-agent systems and distributed problem solving.
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8.1 Related Research

It can be said that research related to interaction of parts in a decentralized manner has its
origin in the subsumption architecture[6] and behavior-based intelligence[48, 7]. This cog-
nitive architecture encodes the search space with different behaviors or competences. Each
behavior is attentive to a subset of the state space. Behaviors are prioritized in the sense
that if one behavior fires, it will preempt other behaviors from firing. The applicability as
well as the prioritization (arbitration) of those behaviors is handcoded. It was found in the
box-pushing robot example [50], that learning each behavior separately with Q-learning in
a subsumption architecture framework is superior to learning the entire task as one mono-
lithic behavior and is a way to scale up reinforcement learning to complex tasks and to
multiple tasks. In the subsumption architecture, the task decomposition into behaviors is
given apriori. However, work has been done on learning the parameters controlling the ap-
plicability and prioritization parameters as an immediate reinforcement function[51, 49],
as a response threshold determined by features in the environment[4, 65] or internal moti-

vational forces[60].

In summary, a behavioral view ties local actions into a coherent whole and thus imposes
a coarse granularity to the search space. Each behavior is considered a black-box module
which can be learned separately. Similarly, training SLVQ on specific tasks produces a
collection of behaviors. It is in leveraging from this modularity that lies the promise of

scaling up reinforcement learning algorithms.
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8.2 The Task Decomposition Problem

In decomposing a task the Markovian property assumed in reinforcement learning is lost
since only a partial state is known to each memoryless agent accomplishing a task, namely
the immediate sensory state. Perceptual aliasing is a related problem where a state cannot
be discriminated adequately from other states based on observable features. One solution
for this kind of non-markovian problem has been to augment the observable state with a
history of past states within a certain window size[101] or to learn the value of a joint
action[10] by maintaining a belief state representation. In the decomposition problem the
non-markovian characteristic can be compensated by learning how to compose the subtasks
and their limited range of applicability[38]. It was also shown in [80] that learning the com-
position and decomposition of elementary subtasks are two facets of the same problem, i.e.
learning the association of a behavior to a desired subtask. For sequential tasks, temporal

sequence can serve as a guide to subtask decomposition[86].

Because Go is a combinatorial game, decomposition has a special place in this game (see
4.6). Combinatorial game theory[12] can “solve” games which can be decomposed into
independent subgames®. This situation exists only at the endgame where each move af-
fects only one subgame. In this context, a board configuration can be evaluated as a sum
of games. Generalizing this approach to phases before the endgame hasn’t been success-
ful so far. Identifying secure territories is an important step in identifying independent
subgames[57]. Finding relevant subpatterns, not necessarily disjoint, is another approach

to decomposition in Go for pattern-directed inference methods such as learning by parts.

2Subgames in game theory are subtrees of a game tree.
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8.3 The Knowledge Transfer Problem

Task composition implies the possibility of a knowledge transfer between the subtasks and
the more complex task. The knowledge transfer problem is the problem of transforming
or adapting the knowledge acquired in learning a task to another task. For example, learn-
ing from a simulator always requires some adaptation to the real task. The amount of
adaptation required to learn a new task given knowledge of another task versus no apriori
knowledge is the knowledge transfer. Knowledge transfer also occurs when learning across
multiple tasks. This has been shown in [18] to build up generalization by learning in an
unsupervised manner a labeling symbol across multiple sensory modalities. After associ-
ating a random label to a pattern in one sensory modality, the simultaneous presentation of
different sensory modalities reinforce each other until coordination in the labeling occurs.
In summary, knowledge transfer can be thought of as another task[16, 80] or coordination
behavior[24] that need also to be learned. What is learned in the transfer of control knowl-
edge from subtasks is an arbitration function replacing the greedy function of the optimal

policy in the global task.

Learning an arbitration function requires a goal-oriented representation of the top-level
task. When a change of representation is possible as in a hierarchical representation, then
compositional learning is possible. For example, a representation of a navigational task
in terms of landmarks[38] composes the local navigational actions for each landmark in
reaching the goal. However, when this change of representation is not given apriori or is
hard to obtain, self-organization based on local interaction rules is a bottom up approach
to complex tasks. In this context, arbitration functions based on heuristic search defines
those local interaction rules. In a Kohonen network those local interaction rules give rise

to a lateral network that reduces the high-dimensionality of the input into a 2-dimensional
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representation suitable for visualization.

One such arbitration function for reinforcement learning tasks, for example, tries to maxi-
mize collective happiness[37, 100] by selecting the action with the highest expected value

across subtasks, assuming the subtasks share some actions together:

f(s,9) = argmax } | Q(ss, )

where s is the current state, g the set of subtasks, and a € A, the set of actions. The actions

selected with such an arbitration function will tend to satisfy multiple goals.

8.4 Methodology

Learning by parts is a shaping strategy. Borrowed from behavioral psychology, shaping re-
wards successive approximations to the desired behavior by increasing the difficulty of the
intermediate target behaviors. Similarly, learning by parts assumes that learning a complex
task will emerge from learning and coordinating the prerequisite simpler subtasks. Learn-
ing by parts combines learning and search. It is a basic reinforcement learning strategy
that seeks positive reinforcement as a way to shape behaviors towards a higher-level target
behavior. Its paradigm, based on Thorndike’s identical elements theory of transfer[94], is

outlined in Table 8.1.

Thorndike first identified learning as a behavior associating stimulus and response accord-
ing to the strength of the feedback obtained. In this context, transfer of learning, i.e. the
rapid identification of an appropriate response given a stimulus, is possible only when a

similarity between stimuli is found. The similarity need not be identical but elements in



1. A decomposition of prerequisite subtasks is available
2. Learning the prerequisite subtasks occurs independently or concurrently
3. The stimulus/responses in the subtasks can be applied to the task

4. An arbitration function composes the subtasks

Figure 8.1: Learning by parts principles

common must be found. Learning by parts addresses the knowledge transfer problem as
an isomorphism between stimuli and the focusing mechanism of an arbitration function.
The subtasks need not be mutually exclusive and independent. Learning by parts differs
from hierarchical learning like Max-Q[22] because of the absence of a top-down high-level
representation. If differs from layered learning[86] because the stimulus/responses are not
abstracted at the next level but is similar to it because the decomposition of behaviors can

be learned in a separate task.

8.5 Motivation for a Game-Theoretical Approach to an

Arbitration Function

From a game-theoretical viewpoint, the game of Go can be viewed as an intra, non-zero-
sum, cooperative game between stones of the same color and as an extra, zero-sum, com-
petitive game for stones of different color. Game theory is concerned with competitive
and non-strictly-competitive (cooperative and non-cooperative) games of imperfect infor-
mation (Figure 8.2). Typically, players move simultaneously with no knowledge of the
other players’ strategies. Likewise, by decomposing the board, the perfect information

and cooperative aspect of the game is lost. It is therefore worthwhile looking again at the
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Strategic
Games
Competitive Non-Strictly-Competitive
(zero—sum) (non—zero—sum)
Cooperative Non-Cooperative
(communication) (no communication)

Figure 8.2: Game theory framework for strategic games

game theoretical approach for evaluating the joint actions of multiple agents because of the

equilibrium property of such an approach that leads to convergence.

8.5.1 Nash Equilibrium and Mixed Strategy

A Nash equilibrium exists when each move is a best response given the other moves with
respect to a global outcome. With perfect information, such equilibria can be achieved
with a pure strategy. A pure strategy is a deterministic policy in RL terms. With imperfect
information, playing a “best” move according to a local utility function does not always
produce a favorable outcome. The Battle of the Sexes example (Table 8.1) illustrates this
problem. In this game, given the information of the other player’s stated choice of music,
it is better to compromise than not going to a concert at all. In the absence of information
about the other player’s choice, a mixed strategy tries to obtain an equal payoff regardless
of the other player’s choice by randomizing between pure strategies. A mixed strategy
is expressed as a probability vector (one for each possible action) and tries to maximize

a player’s security level by hedging the bets, so to speak. It is a maximin strategy[47]
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Table 8.1: The Battle of the Sexes example
with different choices of music
(2,3) and (3, 2) are mixed strategy equilibria
for the row player and column player respectively.

Bach | Stravinsky
Bach 2,1 (0,0)
Stravinsky | (0,0) (1,2)

that ensures that a player gets at least a certain payoff under all circumstances. While
pure strategies do not necessarily have a Nash equilibrium, it has been shown that every
strategic game® has a mixed strategy Nash equilibrium. It might seem strange to use a
mixed strategy for games where a deterministic winning strategy should exist but, as was
noted in [47, 45], a mixed strategy keeps the opponent from learning and exploiting a pure

strategy’s weaknesses.

It has been shown, in the Prisoner’s dilemma for example, that a Nash equilibrium does
not always produce pareto-optimal payoffs (that is the maximum payoff for the players
as a whole) with instantaneous rewards for non-zero-sum games. It is rather the develop-
ment of a strategy based on path dependence, such as tit-for-tat, that produces cooperation.
The learning by parts methodology claims that with multi-agent reinforcement learners,
this pitfall is avoided since an equilibrium is sought for expected future rewards and not

instantaneous rewards.

3A strategic game is formally defined[59] as consisting of a set of players, a set of actions for each player
and a preference relation on the actions.
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8.5.2 Stochastic Arbitration Function

A game-theoretical approach suggests a stochastic arbitration function for composing SLVQ

reinforcement learners[82] instead of a greedy strategy:

E(GSgi) = similarity(sg, my;)Qg, (sg;, @) (8.1)
E(GSgi)
e
P(a|3g) = Easg,) (3.2)
Y€ T ’
f(s,9) = P(alsy) (8.3)

Learning by parts builds on the pattern recognition achieved in the subtasks. The candidate
actions a € A are those with maximum similarity (s, m,,) in a state decomposition g;. The
expected value E(as,, ) is the product of the similarity (s, m,,) and expected discounted re-
ward @y, (sg;, @). The probability of action a is taken from the Boltzman distribution over its
expected value within a state decomposition and annealed according of the temperature 7.
The adaptation process stops at a temperature 7' that will give good results given the oppo-
nent’s responses. Previous game-theoretical approaches in reinforcement learning[36, 45]
have used linear programming and quadratic optimization to compute a stochastic policy
for matrix games® taking into account the opponent’s actions as well. In their approach,
Markov games?® are treated as unrelated sequences of matrix games. This approach, an iter-
ative version for large state space, learns the probabilities of a mixed strategy by adapting
the Q-values to a global reinforcement signal to arrive at a stochastic policy to maximize

rewards.

4Matrix games are strategic games with no history and no current state defined by a matrix of instanta-
neous rewards. The game of “rock, paper, scissors” is one example of zero-sum matrix games.
SMarkov games are strategic games with no history like matrix games but with a current state.
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Algorithm 8.1 Stochastic SLVQ
input the current state s, the set of legal moves A, a decomposition function g, a tempera-
ture T

output a € A
procedure PICKMOVE (s, A, g,T)

1. s, < a state decomposition
2. m < all legal moves tuples {m, a, @), «} maximally matching s,

3. for each m
compute expected value E(as;,)

4. select a,,; according to the Boltzman distribution

8.6 Empirical Evaluation

Learning by parts applies the results of learning on multiple subgames to 7x7 games.

8.6.1 Adaptive Wally

Wally’s strategy is to search the board for common patterns around a candidate move in a
table look-up and select the move with the highest urgency. Wally has approximately 50
hand-coded patterns and urgencies. Patterns vary in size and shape. Matching occurs on
salient stones (black, white or empty) relative to the location of the candidate move while
leaving other stones unspecified. This rule-type matching has been adopted by other pro-
grams. Depending on the urgency of the patterns found according to some pre-determined
threshold, attack and defense tactics based on liberties count are used. While SLVQ does
not have precise tactics, it can learn common patterns and their associated move response.
In learning by parts, SLVQ learns the relative urgency of the patterns found to produce an

adaptive Wally.



8.6.2 Approach

In applying the learning by parts principles, the first learning task is to learn subgames
on multiple patterns and games. A second learning task is to learn the adaptation of the
Q-values in those subgames to 7x7 games and a third learning task is to learn the right
probabililities for a mixed strategy by adjusting the temperature in equation 8.2. In the
adaptation phase, the board is decomposed into overlapping subgames (offset=1), as shown
in Table 8.2, and candidate moves can span multiple subtasks. For a board of length n,
subgames of length m, and offset o, there are ("-™ + 1)% overlapping patterns and the
offset has to be less than or equal n — m to cover all possible legal moves. This exhaustive
partition of the search space roughly corresponds to the corner, side and center topological
representation of common Go patterns. Although no representation of the whole board
exists, a mass of the opponent’s stones will cast a shadow on the virtual boards through the
influence values as an indirect communication. The following knowledge transfer methods

were tested for the adaptation phase of the Q-values.

1. Keep the Q-values intact (no adaptation)
2. Reset the Q-values and learn the Q-values in a partially observable state.

3. Adapt the Q-values learned in the subgames to a partially observable state.

8.6.3 Experimental Results

5x5, 4x4 and 3x3 subgames trained against Wally were applied to 7x7 games against Wally.

Table 8.3 summarizes the results. The results show the percentage of wins in 100 7x7 games
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Table 8.2: Overlapping decomposition

shown with offset=2




Table 8.3: Comparative performance of knowledge transfer methods

Knowledge Transfer | Temperature | %wins vs Wally
method (7x7)
keep n/a 0
reset 0.01 70%
adapt 0.25 100%

for the different knowledge transfer methods at the temperature that gave the best results.

The temperature was set to 7.0 and slowly decreasing for a total of 1000 games.

As expected, merely decomposing the game does not produce good results. Decompos-
ing the game and adapting the Q-values gives encouraging results for an adaptive Wally

approach and has a better performance than monolithic SLVQS with 80% wins.

8.7 Discussion

The SLVQ approach has been shown to extend to multi-agent RL with partial knowledge of
the state of the world. The Q-values adapt to the global task while using the pattern recog-

nition of the subtasks. Final probabilities for a mixed strategy are arrived at by annealing

the stochastic selection of candidate moves.
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Chapter 9

Conclusions

The combination of LVQ and reinforcement learning is a rich learning framework for co-
ordination strategies. Each codebook vector adapts to its task and to its neighbors through
self-organization in a harmonious whole. The main contribution of this thesis was to de-
velop SLVQ as a hybrid learning system and to introduce a family of algorithms extending
its capabilities. Figure 9.1 shows the taxonomy of the algorithms. A chapter-by-chapter

summary of the main contributions and open avenues for future research follows.

In Chapter 1 the action selection problem was framed in the broader problem of coordi-
nation strategy. The challenge was whether a novel learning algorithm, SLVQ (Chapter
3), based only on a distributed representation of the state space, self-organizing principles
and reinforcement feedback could learn higher-level cognitive tasks such as game playing.
The game of Go was chosen as a testbed, not only because a successful machine learning
approach has not been found yet, but also for its specific coordination features between
moves. Results in Chapter 5 indicate that this is a new and promising approach for this
game and can be used to complement search-based programs such as Many Faces of Go
(see Appendix B). Developing a set of default parameters for the algorithm should be the
subject of further research especially the number of codebook vectors necessary for gen-

eralization. Extending the eligibility trace as a SOFM temporal neighborhood parameter
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SLVQ
Control Exploration  Learning lby Parts
Stochastic
SLVQ-MST SLVQ—Tabu SLVO

Figure 9.1: Family of Algorithms

decaying with time is also another promising avenue of research.

Chapter 6 demonstrated the applicability of the algorithm to control tasks problems such
as the cart centering problem and the mountain car problem. Control tasks are time-
consuming to encode and are well-suited to a learning approach but learning is often done
in simulation because real experience is expensive. Bridging the gap is still a research area.
An on-policy algorithm such as SLVQ improves upon an adaptive existing working policy

without transitioning delays.

In Chapter 7, the issue of exploration for on-policy algorithms was examined and novel ap-
proaches based on tabu search were presented. Concept-based tabu search is a promising
area to integrate domain knowledge and concept learning in reinforcement learning algo-
rithms. Further research should be done on relating the entropy of a codebook vector as a
metric for diversity with the exploration process and the learning cost as well as a princi-

pled determination of the tabu tenure parameter. A proof of the admissibility of tabu search
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as a metaheuristic for on-policy reinforcement learning would be useful.

Finally, Chapter 8 expanded SLVQ to stochastic policies for partially observable states
under the learning by parts paradigm. Decomposition coupled with a mixed-strategy policy
proved to be a robust way to scale up SLVQ. More work needs to be done to learn and apply

different subgames to obtain an intelligent and adaptive Wally.
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Appendix A

Overview of the Game of Go

Go is a deterministic perfect-information 2-player game usually played on a 19x19 board. It
can also be played on a 9x9 board or on a 13x13 board. The board is empty at the beginning
of the game and the players alternate placing stones on the board. Stones are placed on the
intersection of the lines. Once moved, a stone never moves unless captured. A stone alone
on the board has 4 “liberties” (adjacent points) (Figure A.1a). Connecting stones in a group
increase the number of liberties (Figure A.1b). Groups are the basic building blocks of a
board configuration. A stone is captured when it has no liberties left (Figure A.1c). The aim
of the game is to enclose territory (vacant points) (Figure A.1). The only way to achieve
this goal if to make your stones “alive”. Here, alive is taken in the weak sense meaning that
your stones can’t be captured. It has been found that the 2-eye shape is sufficient for life
(Figure A.2). A good starting point for more information is www.usgo.org. In addition to
the battle/war metaphors, economic metaphors can help understand some of the underlying
strategies in the game of Go. For example, an investment is made when playing a stone and

the object of the game can be thought of as making a large return on a small investment.
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Table A.1: Liberties

a. 1 stone, 4 liberties b. 2 stones, 6 liberties c. the white stone is captured

Figure A.1: Territory

Black has 32 points of territory and White 20 points.



Figure A.2: Life
The white stones are alive in a 2-eye shape even though
surrounded by the black stones.

Basic Rules of Go

1. A player may pass his turn
2. Suicide is not allowed.
3. A player cannot immediately recapture in ko.

4. The game ends when both players pass.

The third rule arises out of a situation, called ko (Figure A.3), that could cause an impasse

in the game.

Go is hard because the simplicity of the rules allow complex interactions of the stones on
the board. Stones can be connected in subtle ways as long as disconnection can be rebuked.
There are definitively three stages of the game: the opening where stones claim territory,
the middle game where claims are being fought for, and the endgame where the size of the

territory conquered is established.
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Figure A.3: Ko
A could be captured but White can’t recapture immediately.

The Coordination Aspects of the Game

Unlike Chess, stones are added to the board and do not move afterwards unless captured.
The concept of a move in Go is therefore different from other games and more dependent
on other stones on the board. The impact of a move in chess can be evaluated for itself. A

stone added to the board in Go acquire its meaning from its relationships to other stones.

Stones that work together are said to have “good shape”. Just like in the game of life,!
certain common patterns (Table A.2 and A.3) arise when playing Go that describe the way
the stones move across the board. Joseki and fuseki patterns arise at the beginning of the

game.

The game of life is a cellular automata game where the status of a cell at time # is derived from the status
of its neighbors at time ¢ 4+ 1 according to some fixed rules. From those local interactions, patterns emerge.
See [68] for a cellular automata approach to the game of Go.



Table A.2: Interaction between friendly stones
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Some Heuristic Concepts

Connection

Even if there is not a solid connection, players can infer that a connection can be made
if necessary. There exist typical connection patterns (Table A.2). As a rule of thumb,
any stone 1 or 2 points away is connectable. When to connect (solidly) and when not to
connect? Making each move count is important so that the opponent does not take the

advantage. Connected stones of the same color form a “group” or “string”.

Influence

This concept measures the estimated value of a move in terms of territorial claim. This
concept is computationally tractable. Each stone “radiates” a numerical value to contiguous
nonoccupied points as a decreasing function of the distance[103]. Typically, white stones
radiate positive values and black stones negative values. The influence value computed
from each stone is added to the value of each point (Figure A.4). Summing the value of
each point on the board can give a good estimate of the value of a move in terms of territory
and can serve as a static evaluation of the board. The question is when to play such moves?
Professional players seem to alternate between strategic moves that “claim” territory and

have a high influence evaluation and tactical moves which don’t.

Life and Death and Neither (Seki)

In the weak sense, a group of stones is alive if it can’t be killed. A 2-eye shape is sufficient

but not necessary to make a group alive. There are safe and unsafe patterns without much
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Figure A.4: Influence radiating from a stone

uncertainty about it. What’s uncertain is the pattern of the opponent’s stones, i.e., the
environment, and the right sequence of stones to achieve a 2-eye shape. The canonical
patterns are rarely achieved in practice. Life and death issues are tactical issues and can
be studied on a small 9x9 board. One tactic in the game of life and death is the throw-in:
a stone can be sacrificed to kill a group. An evaluation of the board has to be projected
several moves ahead to model this situation. Life and death issues arise in the endgame.
This has been found to be the most difficult part of the game to learn inductively because
of the precise nature of the play. Connecting groups of stones makes it easier to live since

fewer eye shapes will be necessary.

A third option to life and death, seki, figure A.S, is possible in the game. There are situations

where it is in the interest of both players to stop fighting and live together.

Sente

Sente is maybe the most important characteristic of a tactical move. It means that the
opponent cannot ignore it and must respond to it under the threat of losing an important

chunk of territory. Keeping the initiative is a sure way of winning the game. The importance
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Figure A.5: Seki
The black and white stones live together

of a sente move is in destroying the ability of the opponent to strategize. The value of sente
can be derived as the evaluation differential of a board from the point of view of the two

players. Deciding whether to reply to a sente move and lose the initiative is a dilemma.

Multi-Purpose Moves

A rule of thumb is to select a move that has more than one purpose to be considered effec-
tive suggesting corroborative evidence from different perspectives. The main purposes of

a move can be operationally defined in term of liberties? and influence as follows:

1. Attack: reduce opponent’s liberties

2. Defend: increase own’s liberties

3. Claim: increase own’s influence

4. Invade: decrease opponent’s influence

5. Congquer: enclose liberties.

2Here, liberties are loosely counted as the 8-neighbor intersections of a stone



Appendix B

Overview of Computer Go

Computer Go has been approached from two different perspectives: the knowledge inten-
sive approach using domain heuristics and search or the machine learning approach with
no pre-programmed knowledge. Below is a summary of some of the programs using Al

techniques.

Many Faces of Go (MFOG)[28] This highly popular program is based on traditional
Al techniques, such as alpha-beta search, rule-based expert systems and pattern matching
into a pattern database of 8x8 points and an opening move (Joseki) database. Lookahead
search goes up to 7 ply. It uses domain knowledge of various possible shapes to evaluate
connectivity, eye space and territory. It has different move generators for the different
phases of the game and meta-rules for strategic prioritization of the rules. The sente value
of a move decreases as the game progress. The rule-based system for move suggestions
has text associated with each rule to explain the move. Because of that, MFOG doubles up
as a great teaching program. Associated with each pattern is a move (game) tree to suggest
move sequences. This program can be easily extended by storing more rules or patterns. It

has now approximately 1800 patterns.
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Gobble [8] This program evaluates a move based on the outcome of Monte Carlo simu-
lations with random games. It was the first program to play Go without prior knowledge.
Simulated annealing is used for the Monte Carlo simulation of a random variable. Each
move is assigned the average value of all the games in which it was played. After every
update, the moves are ordered in descending order according to their average values. The
modification for simulated annealing is to introduce a finite probability for a move to be
played out of order which depends on the exponential of the value difference divided by
the temperature. The ordered list of moves is swept once from best to worst move and two
neighboring moves are switched with probability pyy,,- The probability p(n) that a move

is shifted n>=1 steps down the list is

p(n) = (Pawap)™ = exp(——

T
The game is then played according to this permuted list of possible moves. The temperature

decreases slowly at the end of each game.

Golem[26] This program also uses a knowledge-based approach to Go but claims not to
use patterns. Instead it has general high-level rules that are applied to strings of stones that
need defending or capturing and an evaluation function to estimate the gain in territory in a
one-ply search. In turn, the candidate moves and the low-level features of their immediate
context in canonical form are fed into a neural net for evaluation. The neural net has been
previously trained with moves taken from professional games vs. random moves from the
same board positions. It might be said that this use of a neural net is equivalent to the use
of patterns to recognize good moves vs. bad moves. This program is estimated to play at

the intermediate level. One insight of this program is to couple a global evaluation, the
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estimated territory, with a local evaluation of the goodness of a move.

Classifier Systems An interesting representation of Go as a cellular automata problem
gives rise to learning a strategy using a classifier approach[69]. The immediate neighbor-
hood of a candidate move is encoded as the condition of a rule and whether to move or not
as the action. The rule with the highest bid (strength) fires and gives part of its strength to
the rule(s) that activated it in a producer/consumer fashion. At the end of the game the re-
ward is given to the rule that fired last and will be added to its strength. As games are played
the rewards are propagated back to the intermediate rules using the bucket brigade algo-
rithm, thus solving the credit assignment problem. A new generation of condition/action
pairs is then computed until the emergence of relevant rules. It has been shown that simple

classifiers are equivalent to Q-learning[23].

SANE[67] This approach uses genetic algorithms to evolve neural networks. SANE
evolves partial solutions, i.e. neurons, represented as a collection of labelled weight links
to input and output units. Evolving the label as well as the weight enables the genetic al-
gorithm to evolve the structure of the network as well as the parameters. Those neurons, in
turn, are grouped at random to form a network. One neuron can participate in more than
one network. Hierarchical SANE evolves those groups of neurons as well as the neurons
themselves. The value of a node is computed as the sum of its input values multiplied by
their connecting weights and passed through the sigmoid activation function. The output

units are linear.

Each line intersection on a Go board is represented by 2 binary input units, 10, 01, and 00,
representing Black, White, and Empty. The architecture is a three-layer feedforward net-

work with a random number of hidden nodes. The fitness function is the score in terms of
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territory points difference at the end of the game. To get a better resolution, the score was
averaged over several games. This program beats Wally on a 9x9 board after 260 genera-
tions. Scaling up to a 13x13 board was estimated to require several thousand generations
and is one of the main problem of this approach. It was found that the program learned to
exploit weaknesses in the opponent (and thus did better against a deterministic opponent)
instead of learning how to play Go. Nevertheless, this program showed examples of good

play like taking corner territory first.

Temporal Difference Learning In an adaptation of TD-Gammon to the game of Go[75],
an entire 9x9 “raw” board is mapped into a 82x40x1 backpropagation network. The out-
put predicts the probability of winning for black starting from a given state. There is no
immediate reward until the end of the game. For intermediate steps, the error propagated
back using gradient descent is Y (t + 1) — Y (¢) where Y is the probability of winning
of the board[92], and Y (¢) and Y (¢ + 1) are two temporally successive predictions. The
exploration policy is done by Gibbs sampling. An exploration scheme wasn’t needed for
TD-Gammon since Backgammon is a nondeterministic game. The probability of a move
conditioned on the rest of the board is obtained with a short 1-ply search. Gibbs sampling
ensures that the distribution of the examples reflects the distribution of the value function
as predicted. Annealing is done to reduce exploration as learning progresses. This program
is reported to reliably beat Wally, a low-level player, after training against Many Faces of
Go, a better player. One insight of this program has been that self-play was not conducive
to learning in the game of Go. It would be interesting to know how Backgammon differs
from Go since the TD(0) method has vastly different results between the two games. This
result points to the complexity of Go. One issue is whether the probability of winning is

sufficient to produce good moves[91]. Further work is to be done on a hybrid approach
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integrating a connectivity map.

The success of TD-Gammon has been attributed[62] to the coevolutionary nature of self-
play and the dynamics of Backgammon rather than to the temporal difference learning
method. Self-play learning is prone to getting stuck in local maxima if the game allows
it. In other words, a player could easily learn to “draw” itself and stop learning thereby
achieving equilibrium. Apparently, the nature of Backgammon prevents those loops of
self-complacency. That would explain why the TD-Gammon approach fails in the game of
Go. The behavior of the program depends on the landscape of the domain. The question
remains as to whether training can influence the landscape of the domain and overcome

those difficulties.

Honte, a MultiStrategy Approach In Honte [13], neural nets and other traditional Al
techniques such as alpha-beta search are used to evaluate features of a global (whole board)
evaluation function. Such features include the number of strings that can be captured, the
groups’ safety, territory estimate, etc. Candidate moves are suggested from a neural net
trained to recognize expert moves from 7x7 patterns. Thereafter, a more detailed evalua-
tion of the resulting board concerning the status of the groups is obtained with a lookahead
search. When groups are not well defined because potential connections are still in ques-
tion, a neural net trained with TD-learning evaluates their safety value. The groups are
represented in terms of operational features such as the number of liberties, the number of
eyes and the influence value of the liberties. Groups are considered safe if the stones re-
mains on the board at the end of the game. Honte combines learning and search as follows.
The evaluation of abstract strategic features such as safety and potential territory (moyo) is
learned but a lookahead search evaluates the effect of tactical moves. Those evaluations are

combined into a global evaluation of the board. One noted weakness is that this program
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does not evaluate the sente property of a move which is an important characteristic of a
feature-driven evaluation. It also does not learn when to play a strategic move versus a

tactical move.
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