
Incremental Generation of Abductive Explanations for
Tactical Behavior

Thomas Wagner, Tjorben Bogon, and Carsten Elfers

Center for Computing Technologies (TZI), Universität Bremen, D-28359 Bremen
{twagner,tbogon,celfers}@tzi.de

Abstract. According to the expert literature on (human) soccer, e.g., the tactical
behavior of a soccer team should differ significantly with respect to the tactics
and strategy of the opponent team. In the offensive phase the attacking team is
usually able to actively select an appropriate tactic with limited regard to the op-
ponent strategy. In contrast, in the defensive phase the more passive recognition
of tactical patterns of the behavior of the opponent team is crucial for success. In
this paper we present a qualitative, formal, abductive approach, based on a uni-
form representation of soccer tactics that allows to recognize/explain the tactical
and strategical behavior of opponent teams based on past (usually incomplete)
observations.

1 Introduction

The quality and success in human soccer is determined to a large extent by the individ-
ual abilities (high-level as well as low-level) of the acting agents and by the strategical
and tactical abilities on the individual- and team level [9]. Tactics and strategies can be
used in at least two ways. In the offensive phase a team/coach can actively choose an
appropriate tactic while in the defensive phase a team has to recognize the opponents
tactical behavior in order to adopt defensive play. A first attempt to recognize opponent
behavior has been made in [4] which allowed us to detect online rule-based pattern of
behavior. In order to achieve the demanding goal to defeat the human world champion
in 2050 we claim that the recognition of (simple) rules will not be sufficient. Instead the
recognition of more complex pattern in terms of strategies and tactics is required.

According to the expert literature on (human) soccer the tactical behavior of a soccer
team should differ significantly with respect to the tactics and strategy of the opponent
team [9]. In the offensive phase the attacking team is usually able to actively select
an appropriate tactic with limited regard to the opponent strategy. In contrast, in the
defensive phase the more passive recognition of tactical patterns of behavior of the op-
ponent team is crucial for success. E.g., depending on wether one team is playing a
4-4-2- and the other team is playing a 3-4-1-2-strategy the defensive behavior should
differ significantly with respect to the opponents strategy. In the case that the attack-
ing opponent is playing a 3-4-1-2-strategy while the defending team relies on a 4-4-2-
strategy the defending team has to face e.g., overlapping movements, which are typical
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for the offensive phase of the 3-4-1-2-strategy. Without adopting the 4-4-2-strategy the
attacking team has a very good chance e.g., to reach numeric superiority on the wing
sides [9].

In this paper we present an abductive approach based on the basic algorithms of
[5]. Although the original algorithm has been proved to be efficient [5] in contrast
to other abductive approaches, efficiency is still a problem for many practical real
world problems. Although efficiency is essential plan-recognition method should fur-
thermore support configurable, context-dependent (e.g. role dependency) and incremen-
tal recognition.

2 Motivation

In order to apply strategy and tactics from the theory of soccer [9] successfully in the
RoboCup-domain we do not only have to consider the offensive play. Strategy and tactic
is also highly relevant in the defensive phase. The role of strategy changes significantly
depends on whether a team is in the offensive or in the defensive phase. In the offensive
phase a team can actively choose a tactic to a large extent independently of the oppo-
nents strategy1, in contrast in the defense phase a team has to recognize both the more
general strategy as well as the concrete tactic in order to adopt the overall defensive
team behavior (e.g., avoiding a superior number of opponent players on wing (i.e., in
4-4-2)).

Depending on the specific context we are interested in different types of explana-
tions for observed behavior. E.g., the coach is interested in recognizing more general
pattern of behavior in order to adopt the strategy and choose more appropriate tactics.
In contrast, players have a significantly stronger interest in more precise explanation
which allow them (at least) to some extent to predict the opponent behavior. Both types
of observations differ not only with respect to the level of granularity. While the coach
usually relies on a large set of observations on a larger time scale, a player is usually
restricted to a limited set of observations (which belong to the current opponent attack)
and is required to recognize the opponent tactics fast. As a consequence not only a sin-
gle inference is needed but instead a framework of inferences which allow for context
sensitive explanations.

An additional important aspect of plan recognition is the underlying role-dependency.
Depending on the specific role (i.e., left side defender, central attacker, ...) and the con-
text (e.g., defensive phase, final phase of the game, ...) the focus and the level of gran-
ularity of the plan recognition process can differ significantly. E.g., usually a left side
defender is not interested in an exakt prediction (which is usually impossible due to
the non-deterministic nature of the game) but instead in the set of possible future oppo-
nent behaviors at varying levels of granularity, depending his specific capabilities (e.g.,
whether it is reasonable to play offside).

1 Of course, the choice of a specific tactic should be done with respect to the specific strength
and weaknesses of the opponent teams.
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3 Related Work

The generation of explanations of observed events/behavior has gained much interest
within the research community and resulted in various applications like diagnosis [11],
natural language understanding [6] and plan recognition [2]. The methods under con-
sideration vary from probabilistic methods like bayes networks e.g., [1], classification-
based approaches e.g., [3] to the already mentioned logic-based abductive methods e.g.,
[2]. One aspect most of these approaches have in common are the constraints of their
application: most approaches focus on static scenarios with an precise model of behav-
ior (e.g., closed world assumption). A popular exception is the work of Albrecht et al.
[1] which applys probabilistic reasoning to an online-dungeon game but also grounded
on a complete (predefined and also limited) number of actions and valid combinations.
An additional approach that overcomes these limitations at least to some extent is the
work of Intille and Bobick [7] who apply their classification-based approach to the
multi-agent scenario of American Football-domain. Although the American Football-
domain appears to be highly related to the RoboCup-scenario the differences (within
the Intille-approach) are significant. The American football-domain provides a com-
plete, predefined taxonomic playbook which specifies all possible (allowed) patterns of
behavior and therefore allows for classification-based approaches. Additionally, Bobic
et al. are able to use manually generated data without noise. In contrast, in the soccer
domain tactics and strategies describe behavior on much higher level that allows a wide
range of variations that cannot be specified in any detail. Instead, the given observations
have to be assumed to be uncomplete due to sensor limitation.

Abduction has been introduced by C.S. Pierce [12] as a third kind of logic inference
next to induction and deduction and has gained much interest in the late 80’th and early
90’th. Abduction does not rely on complete observations but instead supports to infer
missing knowledge i.e., premisses. The abductive inference process can generally be
decomposed in two steps:

1. generation of all abductive explanation
2. selection of the most appropriate explanation

Several proposals have been made for the time consuming generation process de-
pending on the underlying representation2. A serious problem for the use of abduction
especially in time critical applications like RoboCup is that the generation of abductive
explanations has been proofed to be NP-hard (in the general case) [13]. Nevertheless,
more recently Eiter et al. [5] developed an efficient algorithm that allows to generate
all explanations of positive queries based on a logic horn-clause representation.

4 Abduction-Based Generation of Explanations of Tactical
Behavior

Observations are essential elements for plan recognition. In this approach the necessary
information are recognized actions from a team of soccer players. We use an egocentric,
online version of the approach presented by [10].

2 Abduction does not necessarily have to rely on an logic representation.
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4.1 Generation of Tactical Knowledgebase

Fig. 1. A left-right sidechange of a human soccer
tactic

Our knowledge base is based on the book
of soccer tactics from Lucchesi [9]. The
key assumption which is essential for the
use of abductive reasoning is that the
(logical) implication can be interpreted
not only as an inference from cause to ef-
fect, but also as an inference from effect
to cause3. Following this pattern each
single action within a complex tactical
pattern can be interpreted as the cause
for a possible sequence of successional
actions and may itself be the effect of a
previous action and therefore sequences
of actions are modeled strictly as sequences of implications. The situation depicted in
figure 1 is in the first step described as a sequence of implications (see figure 2) which
is in the second step transfered into a horn representation. Two limitations had to be
considered (1) no cyclic horn theories and (2) no expressions like x → 0 or 1 → x are
allowed4. The resulting horn-clause knowledge base is described in figure 2.

(1) PassPlayer6ToPlayer10 ∧ MovePlayer2ToRightOppMid → RecievePassPlayer10
(2) RecievePassPlayer10 → PassPlayer10ToPlayer7
(3) PassPlayer10ToPlayer7 → RecievePassPlayer7
(4) RecievePassPlayer7 → PassPlayer7ToPlayer2
(5) PassPlayer7ToPlayer2 → RecievePassPlayer2
(6) HaveBallPlayer6 ∧ IsFreePlayer10 → PassPlayer6ToPlayer10
(7) IsFreeRightOppMid → MovePlayer2ToRightOppMid
(8) HaveBallPlayer10 ∧ IsFreePlayer7 → PassPlayer10ToPlayer7
(9) HaveBallPlayer7 ∧ IsFreePlayer2 → PassPlayer7ToPlayer2

Fig. 2. Extracted Implication from the Tactic

4.2 The Basic Algorithm of Eiter and Makino

The basic algorithm can be decomposed into two main steps: (1) calculation of prime
implicants and (2) calculation of abductive explanations5 The first step results in a
knowledge base of prime implicants.

In our example all clauses are also prime implicants. The following generations of
abductive explanations will be done on this representation. The general idea is quite
simple: in the first step the positive request clause σ is used to look up in the conse-
quences of the set of all prime implicants (in the following pi). If σ is found in some

3 It should be mentioned that reasoning from effect to cause is non-monotonic.
4 The first condition is a prerequisite of the algorithm of [5], the latter helps to ensures a consis-

tent knowledge base.
5 For more details please refer to [5].
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prime clause ρ the corresponding antecedents of ρ as annotated as the first solution.
Based on the first (simple) solution the algorithm tries systematically to find a more
fundamental explanation by trying to find a new resolvent between ρ and some differ-
ent clause in the set of pi. Given a new resolvent ρ is found pi is expanded by ρ and the
same procedure is applied to pi’ until no changes occur and therefore all solutions have
been calculated.

4.3 Optimizing the Algorithm of Eiter and Makino

Although the described algorithm has not only been proved to be complete and correct
it also is the only abductive algorithm known to be efficient (non NP-hard). In contrast
to various approaches to the generation of explanations the abductive algorithm is very
robust with respect to redundant actions which is a serious problem in soccer in gen-
eral6. Furthermore, an abductive algorithm can easily be applied to different knowledge
bases at different levels of granularity. Nevertheless, efficiency is still a very serious
problem for the application in a RoboCup-domain7.

In order to improve efficiency various optimizations have been applied. It should
be noted that the following optimizations may not be reasonable in all domains. I.e.,
although the optimized algorithm is (of course) domain-independent the optimizations
can only be applied with certain restrictions. Therefore they are optional with respect
to different domains8.

The complexity of the algorithm is given by O(e * m * n * ‖ϕ‖), whereas e denotes
the number of solutions, m the number of clauses in ϕ and n the number of literals.
The first significant improvement can be achieved by separating the complete knowl-
edge base into different separat knowledge bases. As a matter of consequence, we get
a special knowledge base for counter attack on the right wing, counter attack on in
the center, . . . . This modularisation has an interesting advantage: as assumed in the
motivation (see section2) a player is usually only interested in explanations that leads
to an improved/adopted behavior: E.g., a right wing defender is specially interested in
counter attack on the right wing and not on the left one. The modularisation allows him
to focus on context sensitive, role specific tactic explanations.

Additionally, four different optimizations have been applied:

1. Pre-calculation of prime implicants: Independently of the specific request the ba-
sic algorithm calculates all prime implicants. This process is done before runtime in
our realization and will be uploaded together with the knowledge-base. The level of
improvement is strongly dependent on the complexity of the causal relations and will
lead at least in complex models to significant improvements.

2. Use of additional observations: In most of the cases a player has made different
observations that account to a specific tactic. These observations can be used to improve
the abductive reasoning process by skipping proofs. Since a player has already observed

6 Even if a team is strictly using declarative tactical patterns of behavior, redundant actions result
due to necessary adaptations as a result of unexpected opponent behavior.

7 On a more complex knowledge base the basic algorithm took 21 sec.! As we will see in section
5, with all optimization and with some restrictions the performance can be improved to 22ms.

8 And they are also optional in our implementation.
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an action it is not necessary to find out under which conditions the observation is/was
true.

3. Skipping satisfiability-test: The described handling of observations has an addi-
tional interesting side effect: In the classic abductive approach new observations are
expanded in the knowledge base. In the case of false observations this may lead to
inconsistency. In order to avoid to an inconsistent knowledge base a satisfiability-test
would be needed. But since observation are never expanded in the knowledge base the
satisfiability-test can be skipped in our case.

4. Pre-calculation of possible solutions: A static knowledge base offers additional
advantages: it allows the pre-calculation of all possible solutions! A possible disadvan-
tage can be the increase in memory usage which is minimal in this domain due to the
modularisation of the knowledge base.

In addition to the improvements in efficiency the basic algorithm had to be adopted in
order to increase robustness. Although the tactical patterns described in Lucchesi [9] are
strictly associated with specific tactical roles these assumption does rarely hold in the
RoboCup-domain. Therefore we provided the abductive algorithm with a flexible role
association method. The use of this method allows to detect tactical behavior indepen-
dently from specific player numbers or roles and increases the robustness significantly.
The obvious drawback is a decrease in efficiency since all player-number configurations
have to be considered in the role assignment. The results of our extentions are described
in the following section.

5 Experiments and Preliminary Results

Before we tried to integrate the modified algorithm in our 3D-team we evaluated the
efficiency in different scenarios. In the first test scenario described in table 1 we wanted
to evaluate the effect of pre-calculated solutions under (1) the varying condition of
request complexity: simple vs. complex and (2) under varying goal: whether the agent
wants to know if a plan is possible at all or whether he wants to get a list of all possible
(opponent-) plans. The request complexity is simply changed by the action selection.
In the case we observe an action that appends very late in a possible plan, the algorithm
will find significant more solutions than in the inverse case. In the following tests we
used 26 different plans in each case.

The table 1 presents some interesting results. First, the calculation whether a single
plan is possible is highly efficient and can be done in 4,7 ms to 10,5 ms with respect to

Table 1. Finds all solution and search all plans with a possible solutions

Test 1 with Pre-Calculation without Pre-Calculation
simp. Query komp. Query simpl. Query komp. Query

all Time 62,8 ms 55,7 ms 69,3 ms 74,2 ms
∅ Time for one Plan 4,7 ms 4,5 ms 6,3 ms 10,5 ms
processed Plans 4 P. 3 P. 4 P. 3 P.
∅ compute Possible Plans 44,2 ms 42 ms 43,8 ms 42,2 ms
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Table 2. Used cycles in 2D-league, watch a game with a trainer-agent in 3d-league

iterativ Test
all Queries Queries with Solutions

min max ∅ ∅ over Tests min max ∅ ∅ over Tests
P28 2 7 4,66 0,6 22,6 2 7 4,66 0,6 22,6
P53 0 4 1,06 6 182,2 1 4 2,62 6 55,8
P99 0 7 2,24 1,2 49,2 1 7 3,96 1 24,8
P130 0 6 2,6 0,6 53,4 2 6 4,6 0,2 16,6

the specific conditions. Interestingly, the pre-calculation of results is significantly more
efficient but interestingly the difference is surprisingly small. Two main reasons can be
found: (1) the complexity of our tactical model is quite low (in terms the capability
of the algorithm). The efficiency decreases in the case of no pre-calculations only for
complex requests. (2) The modularisation of the knowledge base appears to be highly
efficient. In the case that all possible plans should be calculated (which represents the
case of non-modularisation) the run-time requirements are significant higher, but is still
efficient enough to be used e.g., in the 3D-simulation league, as it can be seen in table 2.

In table 2 we used a 3D-trainer agent who has been restricted to use at maximum
80ms in order to simulate cycles. In the test the coach was required to detect whether
a single plan is possible and to find all possible solutions. These conditions have been
tested on four different varying plans (P28, P53, P99, P130). The test mainly showed
two important results: (1) The modularisation of the knowledge base provides a basis
for incremental abductive reasoning. The algorithm in our implementation can interrupt
the calculation process at (relative) fixed time steps in order to allow other tasks within
a single cycle (instead using complete cycles). (2) Depending on the specific condition
the algorithm requires at most between 4 to 7 cycles for all solutions. These results can
also be approved under different conditions e.g., used by a 3D- or a 2D-player.

6 Summary and Discussion

The role of strategy and tactic is becoming more and more important especially in the
simulation- and the small-size league. The use of more complex tactics of an offensive
team will require that defensive teams are at least to some extent able to detect the set
of possible opponent tactical patterns in order to coordinate defensive behavior. In this
paper we presented an approach to symbolic plan recognition (more precisely genera-
tion of explanation for opponent behavior) at all relevant stages: from the generation of
qualitative action- and world descriptions based on [8] to the generation of abductive
explanations of these observed behavior. The algorithm of Eiter and Makino [5] has
been adopted to the specific requirements of the RoboCup-domain. We showed that the
adopted algorithm can efficiently be used for explanation generation. Furthermore, the
algorithm can be used in an incremental fashion (which is especially useful for the sim-
ulation leagues). An additional positive characteristic is the robustness with respect to
redundant/false observations/actions. The modularisation of the knowledge base allows
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for role- and context sensitive requests but does not prohibit the generation of complete
solutions, i.e., without respect to role and context e.g., for the trainer.

Besides the application of the modified algorithm in different domains the hypothe-
ses generation is still an open task. Although we claim that it will be sufficient in many
situations to identity possible tactical behavior (with respect to role and context) it is
clear that there also exits situations where we would like to find a single prediction, i.e.,
the selection of a single hypothesis out of the set of possible explanations. Various solu-
tions may be considered, varying from probabilistic to symbolic approaches proposed
in the abduction community [11].
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