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Abstract— On-policy reinforcement learning provides online
adaptation, a characteristic of intelligent systems and lifelong
learning. Unlike dynamic programming, an exhaustive sweep of
the search space is not necessary for convergence in reinforcement
learning with an efficient exploration strategy. For efficient and
“believable” online 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 paper
addresses the above problem with tabu search (TS) exploration.
Several strategies for reinforcement learning are introduced.
Experimental results are presented in the game of Go, a determin-
istic, perfect-information two-player game, and Sarsa Learning
Vector Quantization (SLVQ), an on-policy reinforcement learning
algorithm.

I. INTRODUCTION

The convergence of reinforcement learning based on stochas-
tics depends on visiting every state infinitely often. The Bell-
man optimality equation is predicated on the value function
representing a good approximation of its expected return1.
This is not obviously feasible for large state space and the
role of exploration is to bias the search while providing an
accurate representative sample of the state space. Exploration
helps with convergence not only in guiding what to explore
but also in deciding what not to explore. Tabu search[6]
explicitly addresses this aspect. Tabu search is a memory-
based exploration method based on inhibition and restraint.
Although no formal proof of its admissibility exists, it has
been applied successfully to combinatorial optimization prob-
lems and combined with learning algorithms[7]. For problems
where the state space itself is exponential in nature, i.e. P-
space problems, the speed-up of memory-based methods over
randomization as noted in [17] does not reduce the search to a
polynomial case. By reducing the neighborhood of candidate
solutions, TS will identify an optimal or near-optimal solution
after examining only a small subset of the state space. As
shown in [5], [9], action penalties can make the Q-values

1Recall in dynamic programming, the Bellman optimality equation for
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Reinforcement learning replaces prior knowledge of the transition proba-
bilities by an estimation based on sampling next-state returns.

“admissible” by non-overestimating their expected return for
Q-learning. The intuition of this paper is that action inhibition
can also provide a similar focusing mechanism to exploration
for on-policy reinforcement learning.

The trade-off dilemma between exploration and exploitation,
as illustrated by the two-armed bandit problem, has been
shown[8] 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 observed best
action should progressively receive more trials. In this context,
two types of exploration methods are distinguished:

# Diffusion of the target policy towards other candidate
actions. As training progresses, this diffusion lessens. The
metaphor here is that of looking at something from far
away and then getting closer. Bonus/penalty approaches
that augment the evaluation of a move entail a diffusion
of the target policy.# Permutation of the behavior policy toward the target
policy. The metaphor here is to turn each stone systemat-
ically before moving forward. Tabu search and simulated
annealing belong to this type.

Go is a perfect information, deterministic, 2-player game that
has replaced chess as the “drosophila” of AI. It has been
shown that Go is P-space hard[11] and therefore “solving”
the game with an algorithm computing an exact evaluation
function is probably not practical. Go is hard for machine
learning because there are no clear identifiable features and the
input-output function is not smooth in all cases. Exploration is
a way to combine heuristic search in a reinforcement learning
framework.

This paper is organized as follows. Section II highlights
the differences between on and off policies in reinforcement
learning and motivates the need for efficient exploration.
Section III present how tabu search principles can be applied
to reinforcement learning. Section IV introduces SLVQ and
Section V shows experimental results.

II. REINFORCEMENT LEARNING POLICIES

In reinforcement learning, a learning agent interacts with
its environment by taking actions 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 summarizes 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. 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 policy to determine what
actions to take. A policy is a function, denoted as $&% that maps
the system state to an action to be taken by the agent. Through
interaction with the environment, the agent learns either a
value function ')(+*-,/.0% which represent the “desirability” of
a state , given a fixed policy $&% or an action-value function,
denoted as 12*-,3%546.0% which maps state , and action 4 to a “long-
term” reward 728:9<;=?>+@BA =�C/=?DFE0G
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is the
reward at time P0Q 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[16]. They differ only by
the update rule used to arrive at an optimal policy. Figure
1 illustrates the basic differences between on and off policies
regarding the action selection and update step. 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 , = from
the next prediction , =?DFE Q The off-policy, embodied in the
Q-learning algorithm[18], uses the estimate of the optimal
policy for update of the existing policy and consequently
separates exploration from control. The on-policy, embodied in
the Sarsa algorithm(1) [12], [16], uses the current estimate of
an existing non-optimal policy for refinement towards a better
existing policy 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 toward the
optimal policy as the exploration tapers off during training[14].
On-policy RL algorithms are dependent on the exploration for
the accuracy of the action values. In both policies, convergence
has been proved in the discrete, tabular case if each action is
selected infinitely often[19], [3]. Convergence has also been
proven for TD( R ) in the linear representation case[4].

III. TABU SEARCH

Meta-level search addresses the question of how to search in
order to learn. Genetic algorithms, simulated annealing and
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Fig. 1. On and off policies

Algorithm 1 Sarsa
Initialize 1S*�,3%546.0% the learning rate T , and the discount factorA Q
Observe the current state ,
While stopping condition is false

1) Select an action 4 to execute according to $
2) Receive immediate reward

C
3) Observe the new state ,/U
4) Update 1S*-,3%�4V.

12*-,3%546.XWY1S*�,3%546.BZ[T\* C Z A 12*-,�U]%�4VU^.`_a1S*�,b%�46. )
5) Update $ towards c1
6) Set , to ,�U

tabu search are considered metaheuristics, or general search
strategies, built on heuristics for the application domain. Tabu
search 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 knowl-
edge by remembering characteristics of state-action pairs.
It generalizes memory-based methods such as the counter-
based method[17]. 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 criteria (see Algorithm 2). Theoretically, a tabu
search approach involves recognizing what is right, what is
new, and what is similar in the candidate solutions. In contrast,
randomization is considered a weak diversification method.
The tabu search approach has a principled way of choosing
exploitation over exploration.

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.



Algorithm 2 Tabu search
Choose an initial feasible solution d

1) Generate candidate solutions in the neighborhood of d
2) Filter out solutions that do not meet the aspiration

criteria or that are marked P�4Ve0f
3) Select the best candidate solution g .
4) If candidate solution g improves on solution d�% set d`hig
5) Update tabu status of candidate moves and aspiration

criteria
6) If stopping criteria is met, stop, else go to 2

A. 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 online 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 if a non-overlapping confidence interval with
other candidate moves can be found:

8 jk_lP�m6n E ,o p % jqZ[P�mVn E ,o p G

where j is the moving average of the action value 1 , , the
sample standard deviation of 1 and P mVn E the critical value of
the P distribution with

p _ M degrees of freedom for a specified
confidence level. For a 95% confidence level and

p hsrbH ,
P�mVn E hNt6Q HvuVwbt6Q
An aspiration criterion defined by the predictability of a
positive outcome models the preferential treatment of attentive
behavior to states with high outcome reliability[15]. 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.

B. 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 for exploration in a reinforcement learning algorithm
are introduced below.

1) 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. 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. Algorithm 3
illustrates STS applied to reinforcement learning. 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. The tabu tenure parameter
decays locally in proportion of the number of times an action
has been used:

x 46eyf+z`P�4�P{f|,�h x 4Ve0f x~} p f C }�� H
Q �3�3��� =]�

Algorithm 3 STS move selection
, is the current state and 1 is the set of all state-action pairs
PICKMOVE( , , Q)

1) matches W all pairs matching ,
2) bestMatch W��b�5�&�S�O�
�&� �y� �0� *?��4�P���� } ,/.
3) tabuMatches W pairs with tabu moves (tabu status > 0)
4) permissibleMatches W non-tabu move pairs
5) if bestMatch satisfies aspiration criteria

pair W bestMatch
jump to 7

6) pair W��v���b�S�v�6�&� ��� ��� *:� } C ��d�,�,�d�e0� }/� 4�P���� } ,/.
7) pair.tabuStatus W tabuTenure
8) for all pairs � tabuMatches

pair.tabuStatus W��J�v�B*:��4�d C Q P�4Ve0f|z`P�4�P{f+,\_ M %5H�.
9) return pair.move

2) Elite List Strategy: Aspiration status and tabu status are
often mirror images of each other. Exclusively selecting one
type of move renders the others “tabu”. This strategy lends
itself well to a reinforcement learning approach. The best
moves are selected 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. This buffering of the backups have the added
benefit to stem out noise from subsequent moves.

3) Concept-based Tabu search: The tabu status can be com-
puted not only on search attributes but also on the move at-
tributes themselves. This is where the opportunity to integrate
domain knowledge arises and the capability to select truly
“different” moves based on content arises. This strategy is
illustrated in the game of Go. The operational characteristics
of moves in Go can express different purposes or strategies:

Claim Increase the player’s moyo2

Defend Increase the player’s sum of liberties

2Sphere of influence or potential territory.
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Fig. 2. Candidate moves in life-and-death pattern

a {F,3} {B,3}{C,3}{D,3}{E,3},{A,3}
b {O,3}{N,3}{P,3}{Q,3}{F,2}{B,2}{C,2}{D,2}{E,2}

TABLE I

TABU LISTS FOR THE FIRST 2 MOVES IN FIGURE 2

Connect Join two groups
Invade Decrease the opponent’s moyo
Attack Decrease the opponent’s sum of liberties

More abstract features, such as safe or expert move, could also
be determined offline with a supervised learning approach[2].
Here, we do not try to evaluate the moves themselves but
use their categorization to guide the exploration of the search
space. The categorization of the candidate moves in Figure 2
is as follows:

Attack A,B,C,D,E,F
Invade N,O,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 thereby
pruning the neighborhood of candidate solutions further. If
move � is selected, its tabu status is set to the tabu tenure
parameter. The tabu status of moves A, B, C, and D are set
as well since they belong to the same move class. Table Ia
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 � . Table Ib shows the tabu list after this second Black
move. Moves with a tabu status of 0 are removed from the
tabu list. The tabu status of move � won’t be reconsidered
until it becomes a candidate move again.

IV. SLVQ

Tabu search exploration methods are illustrated in conjunction
with SLVQ[1], an on-policy reinforcement learning algorithm
combining Sarsa[12], [16] and LVQ[10] as a function approx-
imator (see Figure 3). The distributed LVQ representation of
the policy function generates a piecewise constant tessellation
of the state space that significantly reduces the state space
requirements and has a close correspondence to a tabular
representation of state-action pairs. SLVQ maintains a set of
codebook tuples � m,a,Q, T ,T � where � is the weight vector, 4
the action associated with � %¡1 the action value, T the local

Q

LVQ

actions

Exploration

action

reward

World

state
TD error

Fig. 3. SLVQ architecture

learning rate, and
x

, the tabu status of 4¡Q Its update rule with
, = as the current state and A as the discount parameter is as
follows:

� = h<�v���X�S�O�¢ ,�d���d��-4 C d�P{£+*-, = % �¤.
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V. EXPERIMENTAL RESULTS

SLVQ initializes its weight vectors from random games and
plays black. The similarity function used in the game of Go
is based on Tversky’s contrast model adapted to continuous
features[13]. Let a pattern « be represented by the set of
influence values � �:¬ (after normalization) at each of its points.
The similarity z between patterns « and ­ can be computed as
a function of their commonality and their reflexive differences
where T and ® represents the saliency of « and ­ respectively:
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-0.72 -0.73 -0.49 -1.00 0.13
-0.7 -0.74 -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

Fig. 4. Influence value representation of the pattern in Figure 2

TS methods are compared with the softmax exploration
method[16] using SLVQ against 2-ply Minimax using the
sum of influence values (Figure 4) as the evaluation of the
board. The influence value function[20] propagates the value
of a stone, +1 for black and -1 for white, to nearby empty
intersection points. The softmax exploration method adds a
small random number decaying with time to the Q-value of a
move. Results shown are averaged over 3 runs. Data points
were collected every 10 games. 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.

Figure 5 shows offline results using the greedy policy for the
different exploration methods for the pattern in Figure 2. In
this life-and-death pattern, SLVQ, augmented by different TS
strategies, plays Black against minimax. Even that Black starts
at a disadvantage, it wins against its minimax opponent. The
following parameters were used: T the learning rate remains
constant at 0.1, the number of codebook tuples was set to 300,
the buffering for the Elite strategy was set to 5 updates, the
initial tabu tenure parameter was set to 5, the eligibility trace R
was set to 0.2 and the task was undiscounted. The exploration
rate for the softmax method was set to 0.07 and decayed with
time as a function of the number of times a codebook tuple was
used. There is a statistical difference in learning performance
between the Elite and STS methods and the softmax method
using the Wilcoxon’s matched pair signed rank test. All the TS
methods converge toward the same result until the Bellmann
error is minimized and win over Minimax playing white by a
small margin. The softmax method does not win for this set of
parameters and number of training games. The Elite strategy
focuses the fastest in this problem.

Increasing the dimensions of the board to 7x7 makes the game
noticeably more difficult. Data points were collected every 20
games. The number of codebook tuples was increased to 1000.
The learning rate T was set initially to 0.3 and decayed to
0.1. The eligibility trace R was set to 0.5. Figure 6 shows
offline results using the greedy policy in 7x7 games against
Minimax for the different TS exploration methods and the
softmax method. Although all the exploration methods win
against Minimax for this set of parameters, the TS methods

Exploration Methods

number of games

av
g 

sc
or

e 
di

ffe
re

nc
e

10 70 140 210 280 350 420 490 560 630 700 770 840 910 980

−
1.

0
−

0.
5

0.
0

0.
5

1.
0

STS
Elite TS
Concept TS
Softmax

Fig. 5. Exploration methods for the pattern in Figure 2
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Fig. 6. Exploration methods in 7x7 games vs. Minimax

dominate in terms of learning power.

VI. CONCLUSIONS

An intelligent exploration of the search space as found in tabu
search (TS) gives a mechanism for escaping local minimum
states, a problem of gradient search algorithms, while avoiding
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 reinforcement learning algorithms. In
addition, TS serves also as a training method by suggesting
non-random variations around the best candidate move. By
focusing on promising regions of the search space quickly, TS



methods speed up the convergence of on-policy RL algorithms.
Future work includes a principled determination of the tabu
tenure parameter. A proof of the admissibility of TS as a
metaheuristic for on-policy reinforcement learning would be
very useful.
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