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Abstract.
Agents in a competitive interaction can greatly beneﬁt from adapting to a particular adversary, rather than using the same general strategy against all opponents.
One method of such adaptation is Opponent Modelling, in which a model of an
opponent is acquired and utilized as part of the agent’s decision procedure in future
interactions with this opponent. However, acquiring an accurate model of a complex
opponent strategy may be computationally infeasible. In addition, if the learned
model is not accurate, then using it to predict the opponent’s actions may potentially
harm the agent’s strategy rather than improving it. We thus deﬁne the concept of
opponent weakness, and present a method for learning a model of this simpler concept. We analyze examples of past behavior of an opponent in a particular domain,
judging its actions using a trusted judge. We then infer a weakness model based on
the opponent’s actions relative to the domain state, and incorporate this model into
our agent’s decision procedure. We also make use of a similar self weakness model,
allowing the agent to prefer states in which the opponent is weak and our agent
strong; where we have a relative advantage over the opponent. Experimental results
spanning two diﬀerent test domains demonstrate the agents’ improved performance
when making use of the weakness models.
Keywords: Opponent Modelling, Multi-Agent Systems, Machine Learning

1. Introduction
“Lasker sought to explore and make use of his opponent’s weaknesses. Often he would choose the second or third strongest move,
because this was the most unpleasant one for that particular opponent...”1
Consider a multi-agent system (MAS) in which several autonomous
agents interact with each other in a competitive environment. Examples
of such an interaction may be a bargaining environment of competing e-commerce agents, a Robocup robotic soccer game, or 2-player
games such as checkers or chess. Each competing rational agent seeks
1
A description of the style of the great chess master Emanuel
Lasker. The quote is taken from a page about masters of chess
(http://www.rgs.edu.sg/student/cca/chess/greatmasters.html).

c 2004 Kluwer Academic Publishers. Printed in the Netherlands.
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to maximize its own utility, thereby defeating its opponents. However,
in a realistic setting, agents normally possess only bounded rationality2
(Russell and Wefald, 1991; Simon, 1982), and so the decisions they
make are not always optimal.
The more knowledge an agent has about its environment, the better
the strategy it is able to develop. In a multi-agent system, this should
include knowledge about other agents. In a cooperative environment,
the agent may receive this knowledge directly from its fellow agents. In
a competitive environment, however, the agent is not likely to be given
this information directly, since the other agents’ strategies are private.
One possible approach for dealing with this problem is to endow the
agent with the capability of adapting to other agents in the system
(Weiss and Sen, 1996).
The usage of learning techniques for adapting to other agents has
received attention recently in the MAS research community (for a survey, see (Sen and Weiss, 1999)). The research in this ﬁeld focuses on
two central approaches: model-based learning (also known as Opponent Modelling), where an explicit model of the opponent strategy is
generated and exploited (Carmel and Markovitch, 1998; Carmel and
Markovitch, 1996c; Freund et al., 1995; Mor et al., 1996; Stone et al.,
2000), and model-free learning, where the agent strategy is directly
adapted based on observed behavior of opponent agents (Sandholm and
Crites, 1995; Littman, 1994; Uther and Veloso, 1997). This distinction
is also applicable to the more general reinforcement learning problem
(Kaelbling et al., 1996), where both model-based (Sutton, 1990; Moore
and Atkeson, 1993) and model-free approaches (Watkins, 1989; Watkins
and Dayan, 1992) exist.
While the model-based approach is considered to be more dataeﬃcient than the model-free approach (Atkeson and Santamaria, 1997;
Carmel and Markovitch, 1999), it also suﬀers from two primary problems:
− Complexity: It is diﬃcult to learn a complex strategy from examples. Even if the strategy is assumed to be relatively simple,
e.g. modelled by a deterministic ﬁnite-state automata (DFA), it is
still hard to learn (Angluin, 1978). Most agent strategies in a real
settings are more complex than a DFA, and so learning a model
of such a strategy becomes computationally infeasible.
− Risk: The model is ultimately used to anticipate the opponent
agent’s decisions, or to simulate its actions. If, however, the model
2

A boundedly rational agent tries to get the maximal utility achievable within
its resource constraints.
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is not entirely accurate, then relying on its predictions may harm
the agent’s performance rather than improving it (Iida et al.,
1994). Note that even in the unlikely event that the agent possesses
an exact model of its opponent, utilizing it will not guarantee an
exact prediction due to the limited simulation resources available
during a real interaction.
This paper presents a new methodology for Opponent Modelling,
that addresses the problematic issues of both complexity and risk. To
contend with the complexity of learning a full opponent model, we
learn only a certain aspect of the opponent’s strategy: the opponent
weakness. Assuming our opponent is a boundedly rational agent whose
quality of decision is not uniform over all domain states, we attempt to
characterize the set of states in which the opponent’s performance is
relatively inferior. In order to reduce the risk of using a faulty model, we
use the model only to bias the agent’s action decisions, in a minimally
risky way. Thus, even if the model is not accurate with respect to
the opponent’s behavior, its use cannot harm the agent’s performance
signiﬁcantly. In addition, we consider states in which the opponent
suﬀers from weakness, but our own agent’s strategy is expected to fair
well. In other words, we take advantage of points at which our agent
exhibits a relative advantage over the opponent. We show that this
adaptation improves the modelling agent’s overall performance in a
competitive interaction.
The rest of this paper is organized as follows: In Section 2, we explain
our approach and the algorithm that we have developed, including a
description of the system that implements the algorithm. In Section 3
we present experimental results. In Section 4, we present some related
work in the ﬁeld of Opponent Modelling, and discuss our contribution
with respect to the ﬁeld. Finally, in the Discussion section, we present
our conclusions, and some directions for further work.

2. Learning and Exploiting a Model of Opponent Weakness
Given the assumption that an opponent agent is fallible, and furthermore does not act with an evenly distributed level of strength over all
domain states, our aim is to learn a model of the opponent’s weaknesses,
and exploit this knowledge in a competitive interaction. The strategy
is adapted to the opponent based on observed past behavior. We are
working within the framework of the model-based approach, so that we
acquire a model of the opponent’s strategy, and adapt our strategy to
make use of this model.
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The approach we propose is as follows. We start by deﬁning the
concept of opponent weakness, or the set of states in which the opponent is relatively fallible. We then tag the example states we have,
by evaluating the opponent actions using a teacher. The states are
then converted to feature vectors, and we use a standard induction
algorithm to learn the weakness concept. Finally, we incorporate the
inferred model into our agent’s decision procedure, by using it to bias its
action selection towards states where the opponent exhibits weakness.
2.1. The Concept of Opponent Weakness
Let S be the set of all possible states. Let A be the set of all possible
actions, where for each a ∈ A, a : S → S. Let ϕ : S → A be an agent
decision function. Let T : S → A be a teacher decision function. We
say that the agent strategy ϕ is weak at state s with respect to teacher
T if and only if their decisions at state s are diﬀerent, i.e.
W eaknessϕ,T (s) ⇔ ϕ(s) = T (s)

(1)

Applying the deﬁnition of this concept, then, reduces the problem of
Opponent Modelling to that of concept learning3 .
This deﬁnition, however, may not be adequate when there are several
best or almost-best actions, since the agent may select a strong action
that is diﬀerent than the teacher’s action choice.
If we are given, in addition to T , a teacher utility function UT : S →
, then we can deﬁne the weakness function as
def

W eaknessϕ,T,UT (s) = UT (aT,s (s)) − UT (aϕ,s (s))

(2)

(where, for readability, we denote T (s) by aT,s and ϕ(s) by aϕ,s ).
We have now expressed the problem of Opponent Modelling as a
problem of learning a real-valued function. If, however, we are interested
in remaining within the concept learning paradigm, we can modify this
deﬁnition as follows. Let 0 ≤  ≤ 1. Let b (S) be the maximal b such
|{s∈S|W eaknessϕ,T,UT (s)≥b}|
≥ . Now we can deﬁne weakness as a
that
|S|
binary concept:
W eaknessϕ,T,UT (s) ⇔ UT (aT,s (s)) − UT (aϕ,s (s)) ≥ b (S)

(3)

Thus, if we order the states in S according to the utility diﬀerence
function, then the upper  · 100 percentile is considered weak.
3

Note that this deﬁnition implies an assumption that weakness is Markovian,
whether the agent strategy is Markovian or not.
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The given deﬁnition of weakness leads to a learning problem that is
intuitively simpler than the general Opponent Modelling approach of
learning an arbitrary decision procedure. Ideally, the concept should be
deﬁned with respect to a teacher that has an optimal decision procedure, according to the global utility which the agent tries to maximize.
In practice, the availability of such an oracle is unlikely, and so we must
rely on a teacher that is better (stronger) than the agent in the sense
that it yields better global utility.
2.2. Learning a Model
In the previous sub-section, we reduced the problem of opponent modelling to the problem of concept learning.
In this sub-section, we will discuss the issues associated with applying the inductive concept learning paradigm to the problem of learning
weaknesses.
Inductive concept learning consists of the following stages:
1. Collecting a set of examples
2. Tagging the examples
3. Converting the examples to feature vector representation
4. Using an induction algorithm to infer a classiﬁer
The rest of this sub-section will discuss each of these stages with
respect to the particular problem of weakness induction.
2.2.1. Where the examples come from
The examples of opponent behavior are pairs, each consisting of a
domain state and an action that the opponent was observed to take
at that state.
These can be acquired either from a history of past interactions
of the opponent with the agent, or from observing the opponent in
interactions with other agents. Consider, for example, the domain of
chess, in which there are large databases available of recorded games
for a given opponent. Alternatively, the agent can refer to records of all
previous chess games that it has played against the particular opponent.
Another example is an agent participating in electronic commerce. In
this case, the agent may spend some time observing the actions of a
foreseeable opponent, and attempt to accumulate examples of behavior
in a wide range of situations.
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2.2.2. The Teacher
The function of the teacher is to give us an evaluation of opponent
actions, according to Equations 1, 2, or 3. The teacher should be an
agent whose decision function is more accurate than the one used by the
opponent. We assume an oﬄine learning framework, where resources
are not as limited as in a real interaction setting. In many cases, our
own agent’s decision procedure is a contract algorithm (Zilberstein,
1995) that improves with a larger allocation of resources, (e.g. any
form of lookahead search). Such a decision procedure may be used as
a teacher, by allocating it resources that are signiﬁcantly greater than
those assumed to be available to the opponent agent when choosing the
example action.
The framework we employ depends on the monotonicity of the performance proﬁle of the teacher, i.e. that the quality of decision improves
with greater resource allocation. The question of the asymptotic behavior of the performance proﬁle has received much attention in the
game-playing research community. Nau (1980) originally presented a
game searching pathology as it relates to the Minimax search strategy.
In practice, however, we have found, as have many other researchers,
(Nau, 1982; Pearl, 1983) that this “pathology” does not appear to
provide a performance obstacle in most cases. Thus, at least in the
game-playing context, it is justiﬁable to use deep search as a teacher.
Note that recent studies have shown diminishing returns for increasing
search depth (Junghanns and Schaeﬀer, 1997). In such cases, the extra
resources may be better invested in the knowledge aspect (e.g. utility
function) rather than increased search depth.
2.2.3. Characterizing Domain States
The features used to characterize a domain state clearly play an important role in the quality of the classiﬁer being learned. Ideally, the
features should have some predictive power regarding the class and
should be easy and eﬃcient to compute, in order to reduce strategy execution overhead. They can either be manually constructed and
supplied as external knowledge to the system, or can be automatically generated using one of the known feature-generation techniques
(Markovitch and Rosenstein, 2001; Hu and Kibler, 1996; Matheus and
Rendell, 1989; Pagallo and Haussler, 1990).
2.2.4. Induction Algorithms
Any of the available induction algorithms may be applied to this problem. Our primary concern with regard to the learned model is its
classiﬁcation eﬃciency, since it will ultimately be used by the decision
procedure of a bounded rational agent. In our experiments (described
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in the next section), we therefore use decision trees (Quinlan, 1986),
which are known to be eﬃcient classiﬁers.
If we decide to represent weakness as a real-valued function (Equation 2) then we can use regression trees instead of decision trees.
2.3. Usage of the Weakness Model
Once a classiﬁer has been learned, our agent possesses a model of opponent weaknesses, and may use this model in competitive interaction
with the opponent. There are several options for incorporation of the
learned model into the agent’s decision strategy. In the remainder of
this subsection, we will describe three such alternatives.
2.3.1. Window-Based Usage Method
One option for usage is to consult the weakness model to decide among
a window of two or more immediate actions that are considered to be
“best” or “almost best” by the agent. Under the binary classiﬁcation
scheme we choose an action that leads to a state that is classiﬁed as
belonging to the opponent weakness. This usage scheme is illustrated
in Figure 1. Note the similarity of this approach to the strategy employed by Lasker, the chess master, as described in the quotation at
the beginning of the paper. If the weakness is modeled by a continuous
function, then we choose the action leading to a state with the highest
weakness value.

C

C

C

-

+

-

Figure 1. Using the acquired model to select among a window of best, or “al-

most-best” actions. Each next state is passed to the learned model, and the
agent prefers states in which the opponent is classiﬁed as weak.

If the agent’s decision procedure can be modiﬁed to return the set of
best actions (before tie-breaking is performed) instead of a single action,
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then we can use this set as the window. If the decision procedure also
associates a utility value with each action, then the window may consist
of the set of immediate actions that have maximal, or near-maximal
utility. The window-based selection algorithm is shown in Figure 2. If
we decide to represent weakness as a real-valued function (Equation 2)
then we select an action in the window with maximal weakness value.
Algorithm Select Action(state)
A ← legal actions(state)
S ← {a(state)|a ∈ A}
M ← maxs ∈S (u(s ))
m ← mins ∈S (u(s ))
if M = m
return Random Select(A)
W indow ← {s ∈ S| MM−u(s)
−m ≤ δw }
Wweak ← {s ∈ W indow|W eakness(s) = T }
if Wweak = {}
A ← {a ∈ A|a(state) ∈ Wweak }
return (Random Select(A )
else
return (Random Select(A))
Figure 2. The modelling agent’s algorithm for determining and selecting from
the window of “almost best” actions.

There exists a trade-oﬀ in the size of the window, in which a smaller
window means less risk to the agent’s original strategy, along with
less potential improvement in using the weakness model. This tradeoﬀ
is determined by the δw parameter, which determines the maximal
deviation from the best utility allowed in the window.
2.3.2. Utility-Function Method
A possible drawback of the above approach is that it only tests the
weakness of states that are in the immediate neighborhood of the current state. Often, the agent decision procedure performs some type of
lookahead, which evaluates states that are several steps ahead in the
interaction. In such a case, our strategy may be more eﬀective if it is
applied to states at the search horizon.
One way of achieving this goal is by incorporating the weakness
model into the agent’s utility function. We may do so, for example,
by linear combination of the original utility evaluation and the model
prediction term. Assume that u : S → [0, 1] is the agent’s original
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utility function, (where S is the set of states). Assume that c is the
classiﬁcation term returned by the model, which equals 1 for weak
states and 0 otherwise (or any number in between, if real-valued weakness is learned). Then the agent’s new utility function is: u (s) =
(1 − δu ) · u(s) + δu · c(s), where 0 ≤ δu ≤ 1 is the weight of the modelling
term. δu determines the risk associated with using the weakness model.

U

C

U’
Figure 3. Using the acquired model to aﬀect the value of the agent’s utility
function. The result of the classiﬁer is combined with the original utility value
to generate a new utility value.

The advantage of the “deep” method, as compared to the windowbased approach, is that the prediction of the weakness model is likely
to be more indicative, since it considers states that are at the boundary
of the lookahead search. This allows the agent to systematically lead
the interaction towards these “desirable” states. The disadvantage of
the method is the high computational cost associated with it, due to
the potentially exponential number of applications of the weakness
classiﬁer. This overhead is directly dependent on the ratio between
the cost of applying the classiﬁer and the cost of applying the utility
function.
2.3.3. Hybrid Usage Approach
A desirable compromise to the two above approaches would keep the
low computational cost of the window-based approach, while considering states from the search boundary. This may be done by selecting from
a window of immediate actions, but determining the weakness value of
each action diﬀerently. Instead of applying the weakness classiﬁer to
the immediate state resulting from the candidate action, we consult
the model on the state at the leaf level that is responsible for the value
associated with that action.
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Figure 4. Data-Flow of the opponent weakness modelling algorithm, win-

dow-based usage method

This can be done by modifying the agent’s lookahead procedure,
such that, in addition to each backed-up value, it also propagates the
corresponding state4 . Thus, the model can be applied to these propagated states. In the proposed approach, we are consulting the model
on states deep in the search tree (which carries its beneﬁt, as described
above), and yet applying it only at the top level of the search tree,
thereby applying it few times.
A data-ﬂow diagram of the entire algorithm described is shown in
Figure 4.
2.4. Incorporation of a Self Model
The opponent weakness model, as learned and utilized above, fails to
take into consideration the possibility that our agent may exhibit weakness in those same states where the opponent is fallible. A complicated
domain state, for example, may make it diﬃcult for our own agent to
select a good action, as it does for the opponent.
We would like a method that allows the agent to recognize situations
in which the opponent is weak, but our agent is not. While the agent has
access to its own decision procedure, it cannot test for weakness during
a real interaction due to resource limitation. Thus, we suggest learning
4

A similar propagation procedure was used by Hsu et al. (1990) for learning an
evaluation function from a grandmaster game database.
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Figure 5. Using both the opponent model and the self model to select between

a window of “almost best” actions. Both the self model and opponent model
aﬀect the agent’s choice.

a model of our own agent’s weaknesses – a self model, in addition to
the opponent weakness model.
This model is learned in a similar manner to the learning of the
opponent model, by observing examples of self behavior and inferring
a classiﬁer. We can use the same teacher that is used to judge opponent
actions to tag our own agent’s action choices. During oﬄine learning,
the teacher can be allocated more resources than are available to the
agent in a realistic interaction, and therefore its evaluation is of higher
quality than that of the agent.
The learned self model can be incorporated into our agent’s decision procedure alongside the opponent model. Figure 5 illustrates this
idea. In addition to consulting the opponent model to select among a
window of actions, we now consult the self model as well, and prefer
states in which the opponent is predicted to be weak and our agent
is predicted to be strong. Figure 6 formalizes the agent’s new action
selection algorithm.
The self model can also be incorporated into the utility function
method by adding it as an additional factor to the linear combination. A
data ﬂow diagram describing the revised algorithm is shown in Figure 7.

3. Empirical Study
In order to demonstrate the eﬀectiveness of the described method, we
have designed and executed a series of experiments, investigating two
diﬀerent domains. The domains used in our experiments have a fairly
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Algorithm Select Action(state)
A ← legal actions(state)
S ← {a(state)|a ∈ A}
M ← maxs ∈S (u(s ))
m ← mins ∈S (u(s ))
if M = m
return Random Select(A)
W indow ← {s ∈ S| MM−u(s)
−m ≤ δw }
Opweak ← {s ∈ W indow|W eaknessop (s) = T }
Self weak ← {s ∈ W indow|W eaknessself (s) = T }
if Opweak \ Self weak = {}
A1 ← {a ∈ A|a(state) ∈ Opweak \ Self weak }
return Random Select(A1 )
else Equiv ← (Self weak ∩ Opweak ) ∪ (A \ Self weak ∩ A \ Opweak )
if Equiv = {}
A2 ← {a ∈ A|a(state) ∈ Equiv}
return Random Select(A2 )
else
return Random Select(A)
Figure 6. The modelling agent’s algorithm for determining and selecting from
the window of “almost best” actions, when using both the opponent model and
self model.

simple, discrete representation, thus allowing the characterization of
domain states by a limited number of features.
3.1. Experimental Methodology
Each set of experiments consists of an oﬄine learning phase, and a series
of tournaments representing the performance phase. We gather domain
state examples to build the weakness models of a particular agent in a
given domain, and use the acquired models during the tournaments.
The teacher used is the modelling agent’s original search procedure
(and heuristic evaluation function) to a greater depth. We make no
direct assumption about the search depth of the opponent action decisions being analyzed, nor do we assume that the opponent searches to
a ﬁxed depth. Furthermore, we need not even presume that the agent
uses any kind of lookahead search in its decision procedure. The only
assumption made is that the quality of the teacher’s decision is higher
than that of the opponent, due to its greater resource allocation. We
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(window-based usage method)

can thus depend on the teacher to eﬀectively judge the quality of the
opponent’s action decisions.
The agent’s performance in actual competition (a series of games) is
the measure we use to compare the performance of the modelling agent
with that of the original agent. The opponent they face uses a ﬁxed
strategy. Note that the tournament takes place under the same time
constraint conditions as the examples used in the learning phase.
3.2. Outline of the Empirical Study
The experiments are intended to test the eﬀect of learning a weakness
model and incorporating it into the agent’s strategy. The architecture
of a learning agent that uses our methodology is aﬀected by numerous
parameters. The goal of the empirical study is to test the eﬀect of
these parameters on the agent’s performance. We start by conducting
a basic experiment, which applies ’default’ values to each of the system
parameters. We follow by performing a set of parametric experiments,
where all of the parameters are ﬁxed except for the one we are testing.
We ﬁrst test various parameters that aﬀect the learning process.
These include the allocated learning resources, the quality of the teacher,
and the feature set used for classiﬁcation. We then examine parameters
associated with the usage of the model, namely the model-usage strategy, the risk factor, and the incorporation of a self-model. We also test
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parameters of the agent itself, including the heuristic function used in
the agent strategy and the action time limit.
A detailed description of the various experiment parameters follows.
3.2.1. Dependent Variables
− Performance Measure: In order to estimate the performance of an
agent in a real interaction, we perform a ﬁnite tournament (set of
games) between the agent and a ﬁxed opponent.
•

If W is the number of wins of the measured agent in a tournament of n games, and T is the number of ties, we deﬁne
W+T

its performance in the tournament as: n 2 . We consider
each tournament as a sequence of binomial experiments, and
use standard statistical methods to calculate the number of
experiments needed to achieve accurate estimates with high
conﬁdence. We run 10,000 games in each tournament in order
to achieve a conﬁdence interval of ±0.01 with a probability
of 0.95.
− Model accuracy: While the ultimate measure of success of the system is performance in a real interaction, as described above, it is
also interesting to monitor the accuracy of the learned classiﬁers.
We do so using the standard 10-fold cross-validation test.

3.2.2. Independent Variables
− Allocated Learning Resources: The resources invested in learning the model of opponent weaknesses. This is controlled by two
parameters:
•

Number of examples: The number of opponent action examples used to build the model.

•

Teacher depth: The search depth of the teacher determines
the quality of the tagging.

− Model-Usage Method: The three methods of model-incorporation
described in Section 2.3, i.e.
•

Window-Based method

•

Utility Function method

•

Propagated-States method
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− Risk Factor: The magnitude of the eﬀect of the model on the
agent’s decision procedure. For the window-based and propagatedstates methods, it is determined by δw , and for the utility-function
method by δu . Both values are between 0 and 1, where a larger
value indicates more weight given to the weakness model. δw = 1
and δu = 1 imply decision making based only on the weakness
model, while δw = 0 and δu =  mean that the weakness model is
used only for tie-breaking.
− Domain: We use two 2-player, zero-sum, perfect information games
- Connect-Four 5 and checkers.
− Feature Set: The domain-speciﬁc features used to build and reference the weakness classiﬁer.
•

Simple: Features based on a simple representation of the
domain state, or elements computed by a typical evaluation
function.

•

Pattern-based: Features based on spatial patterns of the domain state. All possible combinations of a certain geometric
pattern may yield a very large number of features. Therefore,
a limited number of such patterns may be “discovered” by
pruning the larger set, using an automatic feature extraction
system.

− Agents’ Search Strategies: Both the agents and the opponents make
use of a lookahead-based search strategy, including a heuristic
evaluation function. Thus, the strategy is determined by two parameters:
•

Search method: We tested 2 types of search methods:
∗ Fixed-depth αβ-search
∗ Time-limited iterative-deepening αβ-search

•

Heuristic function: We used 3 diﬀerent heuristic functions
for each of the 2 domains (identiﬁed as H1, H2, and H3 in
Connect Four, and C1, C2, and C3 in checkers) 6 .

5

Connect Four is played on a vertical 6X7 matrix. On each turn, a player drops
a disc into one of the 7 columns. The ﬁrst player that succeeds to form a sequence
of 4 discs either vertically, horizontally, or diagonally wins the game. We make note
that the game of Connect-Four is actually a solved game (Allis, 1988). However, it
can still be used as a relevant test domain for bounded-rational agents.
6
The checkers functions use a linear combination of features such as materialadvantage, number-of-threats, center-control and king-pawn-distance with diﬀerent
weights. The functions for connect four use a linear combination of features that
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− Time Limit: A time limit may be enforced for each action decision
made by the agents in a tournament. This parameter tests the
eﬀect on performance caused by the computational overhead of
consulting the weakness model.
3.2.3. Default Parameter Values
Unless otherwise speciﬁed, all experiments were performed with the
following defaults:
− Usage-Strategy: Window-based
− Risk Factor: δw = 0, δu = 0.1
− Agent Search Strategy: Fixed-Depth αβ-Search, using H2 in Connect Four and C1 in checkers.
− Opponent Search Strategy: Fixed-Depth αβ-Search, using H3 in
Connect Four and C3 in checkers.
− Agent and Opponent Search Depth7 = 3
− Teacher Search Depth = 6
− Feature Set: Simple Features (non-pattern-based features)
− Number of Examples to Learn Classiﬁer: 10000
− Number of Games per Tournament: 10000
3.3. Effectiveness of the Weakness Modelling Approach
The basic experiment demonstrates the performance improvement achieved
by a modelling player, upon learning and utilizing a model of opponent
weaknesses.
The result is shown in Table I. We can see that the use of the opponent weakness model clearly provides the agent with a performance
beneﬁt. Note also that both results are statistically signiﬁcant.
Due to the low-risk attitude of our approach, we do not expect a
huge leap in performance as a result of applying the modelling strategy.
count the number of four squares in a row (to any direction) that can still be ﬁlled
to a one-color row. There is one feature for those ﬁlled with 3 pieces, one for 2 pieces
etc.
7
Search depth is limited to 3 in order to allow each tournament competition to
consist of 10000 games (and have each tournament complete in a reasonable amount
of time).
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Table I. Results comparing players’ performances
with and without modelling. The results are averaged
over 10,000 games. We report conﬁdence intervals
for p=0.05.

Connect-Four
Checkers

Before Modelling

After Modelling

0.556
0.432

0.629
0.495

±0.0097
±0.0097

±0.0095
±0.0098

The beneﬁt of modelling, however, is suﬃcient to shift the agent from
a clearly inferior position to a fairly even one in the checkers domain,
and from a fairly even position in the Connect-Four domain to one of
signiﬁcant superiority.
To test the sensitivity of our approach to the particular selection
of heuristic functions, we repeated the above experiment, varying the
heuristic functions for both the modelling agent and the opponent.
Three diﬀerent heuristic functions were used for each, thus yielding 9
combinations. Figure 8 summarizes the results of this experiment, for
both domains.
Connect-Four

Checkers
0.65

0.7

Before Modelling
After Modelling

Before Modelling
After Modelling
0.6

0.65
0.6

0.55

0.55

0.5

0.5
0.45
0.45
0.4
0.4
0.35
H1-H1 H1-H2 H1-H3 H2-H1 H2-H2 H2-H3 H3-H1 H3-H2 H3-H3

C1-C1 C1-C2 C1-C3 C2-C1 C2-C2 C2-C3 C3-C1 C3-C2 C3-C3

Modeller vs. Opponent

Modeller vs. Opponent

Figure 8. 3 diﬀerent heuristic functions used by the modelling and modelled

agents

We ﬁnd that the beneﬁt of the approach is not sensitive to the
particular selection of heuristic functions, though the method appears
to be more robust in the Connect-Four domain than in the checkers
domain.
3.4. Empirical Study of the Learning Algorithm
In this section, we report the results of several experiments performed
to gain an understanding of various aspects of the learning process.
First, we would like to validate that our learning algorithm exhibits the
typical behavior of performance improvement as a result of increased
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learning resources. In our framework, the total learning resources are
determined by two factors: the number of examples used and the tagging resources invested in each example. Also, since the success of
a learning process depends on the quality of the features used, we
study the performance of our learning algorithm with diﬀerent types
of features.
3.4.1. Learning Curves
In this experiment, we varied the number of training examples used for
model induction, and tested the performance of the modelling agent
with the induced models. Such an experiment yields a learning curve.
Figure 9 shows an average of 10 such learning curves for both the
Connect-Four and checkers domains.
Connect-Four

Checkers

0.61
Modelling Performance
No Modelling

0.6
0.59

0.48
Performance

Performance

Modelling
No Modelling

0.5

0.58
0.57

0.46

0.44

0.56
0.55

0.42

0.54
0

2000
4000
6000
8000
Resources -- Number of Examples

10000

0

2000
4000
6000
8000
Resources - Number of Examples

10000

Figure 9. The performance of the modelling agent as a function of the learning
resources)

The graphs represent typical learning curves. The only notable exception is a slight decline in performance in the Connect-Four domain
with a small number of examples.
Connect-Four

Checkers
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4000
6000
8000
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Figure 10. The accuracy of the induced model as a function of the learning

resources.

We also tested the accuracy of the resulting classiﬁers, using a standard 10-fold cross-validation test. Figure 10 shows the learning curves
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with respect to accuracy for the two domains. We note that in the
checkers domain, despite the relatively low classiﬁer accuracy, its use
still yields an increase in performance. To understand why, recall that
δw = 0 implies that the weakness model is used as a tie-breaker. Thus,
using a classiﬁer with 64% accuracy has a higher probability of selecting
an action leading to opponent weakness than random selection.
3.4.2. The Eﬀect of Teacher Quality on Performance
In this subsection, we test the performance eﬀect of the resources invested in the tagging procedure by varying the teacher’s search depth
limit. Figure 11 illustrates the eﬀects of teacher search depth on performance in the two domains. As expected, the greater the resource
investment by the teacher, in the form of greater search depth used to
evaluate each opponent action example, the better the performance of
the resulting classiﬁer when used by a modelling player in an interaction.
Connect-Four

Checkers

0.61

0.5
With Modelling
Without Modelling

0.6

0.49
0.48
Performance

0.59
Performance

With Modelling
Without Modelling

0.58
0.57
0.56
0.55

0.47
0.46
0.45
0.44
0.43

0.54

0.42

0.53

0.41
3

3.5

4

4.5
Teacher Depth

5

5.5

6

3

3.5

4

4.5

5

5.5

6

Teacher Depth

Figure 11. A comparison of various teacher depths on the performance of

models

3.4.3. The Eﬀect of Feature Sets on Performance
The success of the weakness-learning algorithm is dependent on the
availability of a domain-speciﬁc feature set that is able to have some
predictive power with regard to the weakness concept. We have tested
our system with two types of features: pre-deﬁned features and automaticallygenerated features.
3.4.3.1. Pre-Deﬁned Features We experimented with two types of
pre-deﬁned features: features that are used to describe the actual states,
such as the set of pieces occupying the game board, and statistical
features that are usually used as terms in evaluation functions, such as
material advantage.
In both domains, we made use of “simple features”, which are a
simple description of pieces on the game board. Despite the simplicity of
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this feature set, it has the advantage of being very eﬃcient to compute,
and presents a concise way of describing the game state. In addition, a
learned model may pick up on some patterns of pieces, in the way the
tree is developed.
Additionally, in the checkers domain we utilized the set of features
used in the evaluation function, such as material diﬀerence, control over
the center of the board, threats, etc.
3.4.3.2. Automatically-Generated Features An alternative approach
to the use of predeﬁned features is the automatic generation of features.
Many methods have been developed for feature construction, (for example, (Markovitch and Rosenstein, 2001; Hu and Kibler, 1996; Matheus
and Rendell, 1989; Pagallo and Haussler, 1990)). We utilized the approach of Markovitch and Sella (1996). This approach searches the
space of pattern-based features, which are spatial patterns of a predetermined format that are deduced from the given domain state, and
collects a ﬁxed number of patterns to make up the feature set8 .
Each of the pattern-based feature sets used undergoes pruning before
it is used by the model-learning algorithm, since the number of all possible conﬁgurations of a certain pattern type is typically much too high
to be used as a complete feature set9 . Thus, the method of using board
patterns as features involves generating the possible patterns, pruning
them to an acceptable number (by computing their information gain
on a given set of tagged examples), and then using a vector of pattern
features to build the model and to use it. Each pattern is counted in
the number of times it appears on a board, and the resulting count for
each pattern represents the feature vector. Alternatively, the value for
a particular pattern may be binary, i.e. 1 if the pattern appears on the
board and 0 if it does not.
A pattern in the Connect-Four domain is deﬁned as a sequence of
four elements. Each element is either an empty square, white piece,
black piece, or wild-card (any). A pattern is matched with every sequence of four squares on the board, (horizontal, vertical, and diagonal).
Each pattern in the checkers domain consists of a 3 X 3 sub-board
that contains 5 checkers squares, and a position speciﬁcation. Each of
the sub-board elements can have one of the values: don’t care, free, anywhite, any-black, white-pawn, white-king, black-pawn, black-king. The
value don’t-care is more general than the value any-white, which in turn
8

The patterns are used as features for building the opponent model only - they
are not used in the player’s evaluation function.
9
While decision trees are known to be more tolerant to irrelevant features, their
performance still deteriorates when the number of such features becomes too high.

weakness.tex; 8/08/2004; 12:38; p.20

21
is more general than the value white-pawn. The position component
can take one of the following values: don’t care, white-baseline, blackbaseline, middle-court, right-edge, left-edge. Each pattern is matched
with all the sub-boards located according to its position speciﬁcation.
For example, for the white-baseline position there are three possible
sub-boards with which to match.
3.4.3.3. Results The basic experiment has been repeated using each
of the described feature sets. Table II shows results of this experiment.
Table II. Results comparing modellers’ performances with various feature sets.

We report conﬁdence intervals for p=0.05.
Feature Set

Modeller’s Performance

Connect-Four

No Modelling
Default (Simple-Connect Features)
Mask-Pattern Features

0.556±0.0097
0.629 ±0.0095
0.583±0.0096

Checkers

No Modelling
Default (Checkers-Evaluation Features)
Simple-Checkers Features
5-Pattern Features

0.432 ±0.0097
0.495 ±0.0098
0.482±0.0098
0.524±0.0098

In both domains, we ﬁnd that the automatically-generated patternbased features were informative in the sense that they contributed
to a performance improvement. In the checkers domain, the pattern
features used yielded a signiﬁcant performance increase over the use
of the Simple Features, and also over the Evaluation Features. In the
Connect-Four domain, however, the result achieved with the SimpleConnect Features was better. A possible explanation would be that the
decision tree mechanism enabled the generation of more sophisticated
patterns than our rather simple pattern language.
One example of a simple feature that was found to be “eﬀective” in
the Connect-Four domain was board square #22, which is the square
in the second row from the bottom, in the central column. This board
square, apparently, is an important one in determining the position/
weakness of a player in a game. With a simple game-board analysis,
we know that this is an important square to occupy in the game, and
so this feature’s signiﬁcance is intuitive.
An example of an automatically-generated pattern-based feature
that was found to be eﬀective in the checkers domain is the pattern
illustrated in Figure 12. Here, the machine clearly discovered the im-
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*** (don’t care location)

*
WP

*

AB

Figure 12. Threat Pattern - discovered by the 5-Pattern automatic fea-

ture-extraction procedure. WP stands for White Pawn, AB stands for Any
Black, and * stands for don’t care. The value of the position component is
“don’t care”.

portance of the “threat” concept, where the black piece is in a position
to attack the white pawn in the next move.
3.5. Empirical Study of the Performance System
This section presents results of experiments that were performed to
study the various ways that an opponent model can be used once
acquired. In these experiments, we attempt to answer the following
four research questions:
1. Is using the model deep in the lookahead search more eﬀective than
using it for the immediate states?
2. If so, does the overhead associated with deep evaluation outweigh
this advantage when time is restricted?
3. Does the hybrid usage method provide a good compromise between
deep evaluation and time eﬃciency?
4. How does the value of the risk factor aﬀect the performance of the
modelling agent?
Table III. Comparing the window-based model-usage to the util-

ity-function method. Conﬁdence intervals are reported for p=0.05.

Connect-Four
Checkers

Before Modelling

Modelling window-based

Modelling utility-function

0.556
0.432

0.629
0.495

0.690
0.537

±0.0097
±0.0097

±0.0095
±0.0098

±0.0091
±0.0098

Table III presents the basic experiment re-performed, with the modelling agent applying the utility-function model-usage strategy. We
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observe drastic performance improvements in both domains with the
application of the utility-function strategy, proving this method to
indeed be very powerful.
Connect-Four

Checkers
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Modelling
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Figure 13. Testing the δw parameter, for determining the top level window

from which the model selects the next action
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0.54
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0.6

0.55

0.48
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0.44
0.42
0.4
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Risk Factor (Utility Term Value)

0.6

0

0.1

0.2
0.3
0.4
0.5
Risk Factor (Utility Term Value)
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Figure 14. Testing the δu parameter for utility-function level usage of the

weakness model.

Figure 13 and Figure 14 show the performance of both model-usage
methods with varying values of the risk factors.
The results for the utility-function method (Figure 14) show the
expected “upside-down U-shaped” pattern, where taking too little risk
reduces the beneﬁt of modelling, and taking too much risk is too great
a deviation from the Minimax strategy.
The performance of the window-based method surprisingly does not
deteriorate even with a risk factor of 0. We attribute this method’s
success with δw = 0 primarily to the “simplicity” of the heuristic
functions used by the modelling agents. The heuristic functions used
return equal values for many diﬀerent states, and so there are always
several states with equal value in the window. However, in the general
case, in which more sophisticated heuristic functions are used, then we
predict that the “0-window” will be much less eﬀective (because there
will rarely be states with equal value).
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One problem with the result shown in Table III is that using search
depth as a resource limit does not take into account the overhead
incurred in the utility-function method from applying the model at
the leaf level of the search tree.
The hybrid usage approach described in Section 2.3.3 combines the
beneﬁts of the window-based and utility-function approaches, applying
the model to states deep in the search tree, though referencing it only
for the number of states that are in the immediate search window.
We tested the use of this method in time-limited tournaments (using
iterative deepening search), and compared the modeller’s performance
with the use of the window-based and utility-function usage techniques.
The result is shown in Table IV.
Table IV. Timed tournaments, comparing window-based model-usage, the
utility-function method, and the propagated-states method. Conﬁdence
intervals are reported for p=0.05.
Sec/
Move

Before
Modelling

Modelling
Window

Modelling
Utility

Modelling
Propagated

Connect4

0.1
0.2

0.552±0.0097
0.559±0.0097

0.583±0.0097
0.578±0.0097

0.558±0.0097
0.605±0.0096

0.619±0.0095
0.624±0.0095

Checkers

0.1
0.2

0.693±0.0090
0.612±0.0095

0.763±0.0083
0.684±0.0091

0.478±0.0098
0.473±0.0098

0.782±0.0081
0.713±0.0088

We ﬁnd that the use of the propagated-states usage method gives
higher performance results than either the window-based or the utilityfunction method, in both domains and with both time limits tested. The
result conﬁrms the beneﬁt of the propagated-states method in timed
competition, oﬀering a good compromise between the two alternative
usage methods.
3.6. Incorporation of a Self Model
In order to test the self-modelling approach described in Section 2.4, the
Basic Experiment has been repeated with this new strategy concept.
All system parameters remain the same, only that the learning phase
now includes a series of self-play tournaments, for learning the self
model in addition to the opponent model. These self-play tournaments
are executed under the same time/ depth constraints as those of the
opponent.
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Table V shows the result of the Basic Experiment repeated with
the incorporation of a self-model in the modelling player’s decision
procedure, in addition to the opponent model.
Table V. Only opponent model-usage vs. opponent and self-model usage, using

the window-based method. Conﬁdence intervals are reported for p=0.05.

Connect-Four
Checkers

Before Modelling

Opponent Model

Opponent and Self Model

0.556
0.432

0.629±0.0095
0.495 ±0.0098

0.657±0.0093
0.525 ±0.0098

±0.0097
±0.0097

The addition of the self model clearly gives the modelling player an
additional performance boost, in both domains. This result conﬁrms
that the exploitation of our agent’s relative advantage over its opponent
leads to an eﬀective strategy in a competitive interaction.

4. Related Work
The learning and utilization of a weakness model diﬀers from work
previously done in the ﬁeld of Opponent Modelling in a number of
ways. Most previous techniques focused on a particular model of interaction, such as repeated games (Carmel and Markovitch, 1996c; Carmel
and Markovitch, 1998; Carmel and Markovitch, 1999; Mor et al., 1996;
Freund et al., 1995), two-player, zero-sum, perfect information games
(Reibman and Ballard, 1983; Jansen, 1992; Carmel and Markovitch,
1993; Iida et al., 1993; Sen and Arora, 1997; Donkers et al., 2001),
imperfect information games (Billings et al., 1998), and market systems
(Vidal and Durfee, 1995; Schapire et al., 2002). Stone et al. (2000) and
Bruce et al. (2002) applied Opponent Modelling techniques to a robotic
soccer game, which is a dynamic environment with continuous action
space and incomplete information.
In principle, our method of learning and utilization of the opponent
weakness model is not restricted to any particular model of interaction.
We are not even limited to a fully observable environment, provided
that the agent has an appropriate strategy. To learn and use the weakness model, however, we require that the states be fully observable from
the point of view of the set of features used in learning the weakness
model.
Furthermore, our method assumes that opponent weakness is Markovian, though the opponent decision procedure can be either Markovian
or non-Markovian. In practice, however, it is unlikely that the opponent
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strategy is dependent on the history of interaction, while its weakness
is not.
An additional beneﬁt of our proposed approach is that we make
minimal assumptions about the opponent’s strategy. The only assumption that we do make is that we have access to a set of features that
is suﬃciently rich to represent its weakness. Previous work in the ﬁeld
has been based on various representation schemes for modelling the
opponent strategies. The particular selection of such a scheme can potentially limit the types of opponent strategies that can be handled by
the modelling agent. For instance, opponents assumed to be using regular strategies are modelled by Carmel and Markovitch (1996c; 1998)
and by Mor et al. (1996). Jansen (1992) and Iida et al. (1993) represent their opponent strategies as utility functions, while Carmel and
Markovitch (1996a) and Gao et al. (2001) represent strategies as pairs
consisting of the utility function and search depth. Schapire et al. (2002)
do not represent the opponent strategy explicitly, but include features
indicating the opponents’ identities in order to learn their eﬀect on
predicted prices.
Several researchers have explored probabilistic models of opponents,
using various forms of representation. Opponents are modelled as having a ﬁxed probability of error in (Reibman and Ballard, 1983), whereas
opponents are modelled as making decisions according to conditional
action probabilities in (Sen and Arora, 1997; Billings et al., 1998). Opponent models are represented as probabilistic automata in (Freund
et al., 1995). Some approaches utilize a mixed model of the opponent, representing uncertainty regarding the model by maintaining a
probability distribution over possible models (Carmel and Markovitch,
1999; Donkers et al., 2001). Finally, several techniques work with recursive models of the opponent, in which the model also includes the model
the opponent holds about the agent, and so on recursively (Carmel and
Markovitch, 1996a; Gmytrasiewicz and Durfee, 1995; Vidal and Durfee,
1996).
Many of the above approaches aim to fully represent the opponent
strategy, and so they make the restrictive assumption that the opponent
strategy can be represented by the speciﬁed structure. In our weakness
model, we make no assumption about the form of the opponent’s strategy, but instead simply aim to recognize its weaknesses relative to a
particular domain. Obviously, our approach also limits the potential
gain of Opponent Modelling, since we are only learning one aspect of
the opponent’s strategy.
Several learning paradigms have been used in previous work for inferring the opponent model. All the learning approaches assume access
to examples of opponent behavior. Some of the learning approaches
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are done oﬄine, and some are applied online, during interaction. Most
online learning agents employ an incremental approach, where each
additional example leads to a small modiﬁcation of the model. For
example, probabilistic learning approaches have been applied to learn
an opponent model via a conditional probabilistic update rule (Sen and
Arora, 1997; Billings et al., 1998; Gmytrasiewicz and Kellogg, 1998).
An incremental approach is also used by reinforcement learning methods, although it is used for inferring a strategy rather than a model
(Sandholm and Crites, 1995; Littman, 1994; Uther and Veloso, 1997).
An alternative method of learning utilizes a batch processing approach, where the learner attempts to construct a model which is
consistent with a set of opponent action decisions from past interactions. For example Carmel and Markovitch (1996c) and Mor et al.
(1996) attempt to infer a regular model, i.e. a DFA consistent with
past examples. An alternative method attempts to infer a function consistent with constraints derived from the particular opponent actions
(Carmel and Markovitch, 1996b).
Our learning method, which infers a decision tree consistent with
past examples, is an instance of the batch processing approach. The
advantage of this approach is that it usually requires less interaction
examples, at the expense of more computational resources associated
with each learning example. Another advantage that our approach has
over reinforcement learning is that it can be applied to state spaces
that are too large to enumerate in a policy.
Our work diﬀers from previous work also in the way that it uses
the opponent model. There are two primary approaches to using the
opponent model in existing works. The ﬁrst is by constructing a bestresponse strategy, that is optimal against the learned model (Carmel
and Markovitch, 1998; Carmel and Markovitch, 1999; Mor et al., 1996).
The more common approach uses the model to simulate the actual
opponent actions, commonly in lookahead search. This simulation can
be deterministic (Iida et al., 1993; Iida et al., 1994; Gao et al., 1997;
Gao et al., 1999; Stone et al., 2000), probabilistic (Sen and Arora,
1997; Reibman and Ballard, 1983; Billings et al., 1998; Carmel and
Markovitch, 1999; Donkers et al., 2001), or recursive (Carmel and
Markovitch, 1996b; Carmel and Markovitch, 1996a; Gmytrasiewicz and
Durfee, 1995; Vidal and Durfee, 1996).
We use a diﬀerent approach, (similar to that of Reibman and Ballard (1983)) that utilizes the opponent model only to bias the agent’s
actions. Our approach has the advantage of being much less prone to
deterioration of performance as a result of modelling error.
The work done by Bruce et al. (2002) also exploits weaknesses to gain
an advantage over opponent agents. In their work, various aspects of
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the opponent’s strategy are represented with histograms. For instance,
the occupancy histogram represents positions the opponents occupy
on the ﬁeld. The system designer then analyzes these histograms to
infer various weaknesses of the opponents’ strategy, and speciﬁes a set
of heuristic rules that exploit these weaknesses to gain an advantage.
For instance, if the opponent is found to be using static positions, the
designer may specify a rule recommending that robots be sent to these
locations to disrupt the opponent.
This approach is similar to ours in that it learns and uses opponent
weaknesses to bias the agent’s strategy. It diﬀers from our method in
representation of the opponent model, since the opponent weaknesses
are not expressed in an explicit model, as in our approach. Their system
has the advantage that it does not deﬁne a general weakness concept,
but rather considers various aspects of weakness. Another diﬀerence
between our method and that of Bruce et al. is the usage of the weakness model. Our methodology includes a general, domain-independent
method of exploiting weaknesses, while theirs requires hand-crafted,
domain-speciﬁc heuristics. For instance, in the example used above,
our agent must explicitly observe states where a static position of
the opponent is blocked, thus causing the opponent’s suboptimal play.
Their agent must only observe that the position is held frequently by
an opponent player. Our agent, however, will automatically infer that
blocking the position is a good action, (exploiting the weakness), while
they must manually compose the rule expressing this strategy.

5. Discussion
This paper studies the learning and utilization of a model of opponent weaknesses to be used by an agent in an adversarial interaction.
The strategy developed falls under the general category of Opponent
Modelling, in which an agent develops a model of its opponent in order to adapt its behavior to this particular adversary in appropriate
situations.
Our approach is based on the observation that the opponent agent’s
behavior is not uniform over all domain states. We thus try to characterize states according the opponent’s relative strength in a particular
domain, and use this knowledge to our agent’s advantage. We have
described a method of acquiring a model of these relative opponent
weaknesses, via a learning process that generalizes over examples of
opponent behavior in the speciﬁc domain. The process is performed
in an oﬄine learning phase, using a teacher with strong evaluation
ability to assess the quality of opponent action decisions. A model is
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then inferred, and incorporated into the agent’s decision procedure by
consulting it as to preferred domain states, i.e. states in which the
opponent is predicted to be relatively fallible.
In addition, we presented the inclusion of a self model, which is a
similar weakness model of our own agent. This model is consulted along
with the opponent model, so that the agent prefers states in which it
has a relative advantage over the opponent, i.e., the opponent weakness
model predicts the opponent to be weak, and the self weakness model
predicts the agent to be strong.
Empirical results were presented for both the opponent weakness
model strategy and the additional inclusion of the self model, applying
the strategies in actual competition against learned opponents. Experiments were performed for several diﬀerent parameters, demonstrating
the eﬀectiveness of the proposed method under various conditions. We
found that the method was able to be successful for several diﬀerent
feature sets, several diﬀerent agent heuristic functions, and variations
of time constraints. We also demonstrated the tradeoﬀs involved in
varying the risk factor for both the window-based usage method and
the utility-function usage method.
We discovered that incorporating the model as a term of the agent’s
utility function is a highly eﬀective method, signiﬁcantly more so than
using the model as a tie-breaking mechanism among a window of “almostbest” actions. However, this proved to be true primarily on the condition that time limit was not a factor. We found that the hybrid
strategy method, of applying the model on states propagated from
deep in the search tree, was quite eﬀective under time constraints, thus
addressing the problem of computational overhead introduced by the
utility-function method. Finally, we found that taking into consideration our agent’s relative advantage over an opponent, by the usage of
a self model, oﬀered an additional improvement to the performance of
the modelling agent.
In contrast to previous work done in the ﬁeld of Opponent Modelling,
we do not aim to accurately learn the opponent’s strategy, but instead
simply recognize its weaknesses relative to a particular domain. Thus,
we do not have to assume that the strategy being learned can be fully
described by a DFA (Carmel and Markovitch, 1996c), nor do we make
any assumptions regarding the opponent agent’s search depth (Iida
et al., 1993; Gao et al., 2001).
In addition, the risk introduced to the agent’s strategy by our method
(under certain parameter constraints) is minimal. Unlike algorithms
such as M* (Carmel and Markovitch, 1996a) and OM-Search (Iida
et al., 1993), we do not replace search steps with the “predicted”
opponent actions. Instead, we simply add a bias toward states of in-
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ferred opponent weakness, aside from which the agent keeps its original
strategy. Thus, the eﬀect of incorporating the weakness model into the
strategy can not potentially cause harm. If, indeed, the weakness model
is reasonably accurate, then using it is likely to improve the agent’s performance. If, however, the learner fails to induce an accurate classiﬁer,
whether due to insuﬃcient features, a poor teacher, or otherwise, then
the extent of the potential harm of modelling is bounded by the risk
factor. For example, when using the safe strategy of using the model in
a tie-breaking scheme, even a random model cannot harm the agent’s
performance.
The weakness-model strategy approaches the Opponent Modelling
problem from the perspective of concept learning. We have deﬁned
opponent weakness as a concept, and have developed a system to learn
and exploit it. This diﬀers from the probabilistic approaches, which
assume the opponent errs with a ﬁxed probability, and thus develop
a model based on this. Sen and Arora (1997), for example, present a
“Maximum Expected Utility player” which uses a probabilistic model
of the opponent, and learns this model via the updating of conditional
probabilities. Deﬁning Opponent Modelling as a concept learning problem has the advantage of a large selection of well-studied induction
algorithms.
As in all concept learning problems, our approach depends on the
availability of informative features that are suﬃcient for generalizing
the weakness concept. When the quality of the selected features is low,
the utility of our method may be negative. However, the harm to the
agent’s performance can be controlled by the risk factor. Furthermore,
this control can be automated by incorporating self-monitoring into
the learner. The agent can, for example, test its learned model on a
set-aside validation set, and dynamically reduce the risk factor if the
accuracy of the learned weakness model is found to be low.
Our tagging method assumes that the “goodness” of an action in
a given state can be evaluated regardless of the particular opponent
agent that executes it. One interesting exception is an opponent that
selects sub-optimal actions to avoid states where it estimates itself to
be weak (for example, by using self-modelling).
To summarize, in order to apply our methodology to a real-world
domain, the following components must be supplied:
1. A set of examples of the opponent’s actions: The source for such
examples can be the history of the current online interaction, or
observations of the opponent’s past interactions with our agent or
other agents. Obviously, to allow for the assessment of the quality of
an opponent action, the example must include all the information
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that was available to the opponent when it made the decision to
take this action. This may include hidden information.
2. A teacher: For automatic tagging, we need a procedure that can
accurately assess the quality of the opponent’s actions. Such a
procedure is readily available when our agent uses a contract algorithm, whose quality improves with more resources. For example,
lookahead-based search algorithms usually improve the quality of
evaluation with increased depth. Alternatively, the examples can
be manually tagged by a human expert.
3. A set of informative features: In many domains, the set of features
used by the agent’s strategy are suﬃcient to characterize states of
opponent weakness. However, it may be helpful to supply additional
features in complex domains.
4. An agent strategy: The minimal requirement for our framework is
a strategy that returns a set of almost-best actions. To be able to
control the risk, a utility function over actions or states should also
be supplied.
The learning and exploitation of an opponent weakness model can
be expanded in a number of diﬀerent directions, and further applied to
various classes of problems. One interesting direction is the application
of our methodology to dynamic strategies, i.e. strategies that change
over the course of time. It is quite possible that, while the strategy
changes, the weakness of the opponent, i.e. the set of states where its
performance is inferior, will be relatively ﬁxed. In such cases, we expect
our methodology to retain its eﬀectiveness. In addition, we may test
our method against opponents using probabilistic strategies.
One interesting direction for exploration is the modelling of an opponent that uses diﬀerent strategies against diﬀerent opponents. It is
possible in this case that the opponent weakness is still independent
of its opponents, i.e. the opponent exhibits weakness in certain states
regardless of its particular rival, (and the speciﬁc strategy used against
it). In such a case, our method will still be eﬀective. If, however, the
opponent’s weakness is relative to its opponent-tailored strategy, then
the learning agent should use for training only interactions between
the opponent and itself. If such interactions are not available, then
the agent should prefer examples of interaction with agents that have
similar strategies to its own. To apply this technique, we need to design
a metric for evaluating similarities between strategies.
A related direction for future study is the development of a weakness model of an opponent that also utilizes a weakness model; e.g.
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applying the method recursively. In the tradition of the Recursive Modelling Method (Gmytrasiewicz and Durfee, 1995), we can study the
application of the method to any level of recursion.
A further direction for research is the extension of the model to a
multi-agent system consisting of several (more than two) competing
agents. An agent may build models of several diﬀerent agents, and incorporate the set of models into its strategy in some way. Alternatively,
a multi-agent weakness model may be developed, which combines the
weaknesses of several opponents into one classiﬁcation model, relative
to domain states. Such a model may be used to bias the interaction
toward states that are predicted to yield maximal utility for the agent,
based on the relative shortcomings of other agents in the system.
We believe that this work presents a good foundation for the learning and utilization of opponent weakness models, including the usage
of a self model in a relative advantage perspective. A framework has
been developed that can be used as a basis for further research and
experimental work.
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