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Abstract. This paper introduces an anticipatory norm-compliant BDI
agent that considers the future consequences of its own behaviour before
committing to a goal in the context of a system regulated by norms.
The agent simulates the future using explicit models of the environment,
itself, and the normative system, checking for norm violations if its plans
are executed. When such violations are anticipated, the agent can revise
its decision by selecting existing alternative plans or drop the goal if an
alternative is not found. By relying solely on existing plans and avoid-
ing dynamic plan generation, our approach preserves behavioural safety
while ensuring norm compliance. An implementation demonstrates how
anticipation enables agents to exploit norm activation conditions and
achieve goals more efficiently while remaining compliant.

Keywords: Anticipatory Thinking - Cognitive Agents - Normative Com-
pliance

1 Introduction

This paper motivation is illustrated by a grid-world scenario in which a single
agent has the goal to arrive at a target destination. The agent has knowledge
that supports its decisions about which actions will bring it from its current
location to the target destination. The agent moves towards a next position
that is nearest to the destination and is not occupied. While moving, the agent
discovers that some places are forbidden (like a limited traffic zone — LTZ). If
it simply continues following its displacement strategy, it will violate the norm.
There are several ways to address this problem:

1. Reprogram the agent: The developer can foresee that situation and improve
the knowledge of the agent to handle that. For instance, considering LTZ
places as occupied.

2. Learn from sanctions: The agent has (reinforcement) learning capabilities.
It violates the norm, receives negative rewards, and changes its knowledge
to avoid the same situation in the future.
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3. Norm aware agent: The agent recognises the norm and is able to foresee
that its next move would violate this norm. It therefore chooses whether to
proceed or not, weighing the advantages against the potential disadvantages
of the expected sanction.

The first solution depends on the developers and their ability to foresee all
possible scenarios. It is not suitable for open systems, where the environment
is unknown at the design time. The second solution requires a try-and-error
approach, which is quite costly and will be applicable just in future situations.
The third solution is more suitable. However, the agent might have travelled a
long path to realise it cannot continue, wasting resources.

In this paper, we generalise this problem and introduce an agent capable of
anticipating future norm violations that would result from the execution of its
current and validated strategy. Upon foreseeing a violation, the agent decides in
advance an appropriate course of action. For instance, prior to initiating move-
ment toward its destination, the agent discovers a norm, predicts that its current
strategy would violate this norm, and then selects an appropriate response (e.g.,
replanning, aborting the goal, or deliberately move on accepting the violation)
before committing resources toward achieving that destination.

Our proposal, as presented in Sec. 2, is strongly inspired by the anticipatory
thinking proposals and our previous work on the topic [15,13]. Simulation, pre-
sented in Sec. 3, is the main technique used to foresee the future, based on given
models of the agent, environment and norms. If a violation is foreseen, we pro-
pose that the agent searches for alternative options among its plans (Sec. 4). The
proposal is implemented and illustrated using the grid-world scenario (Sec. 5).
We discuss the proposal, its features, limitations, and related work in Sec. 6.
The preliminary conclusions and future work are presented in Sec. 7.

2 An anticipatory normative agent

A definition of anticipation is proposed by Rosen [28]: “An anticipatory system
is a system containing a predictive model of itself and/or its environment, which
allows it to change state at an instant in accord with the model’s predictions
pertaining to a later instant.” In the context of multiagent systems, it is im-
portant to differentiate anticipation from planning. Whereas classical planning
addresses how to generate future events from the current state [12], anticipation
focuses on how future states influence decisions made in the present [38,1,26]. A
simple example of Anticipation Thinking (AT) is planning to go for a walk in
the afternoon. Before leaving the house in the morning, we notice that it might
rain later in the day, so we decide to bring an umbrella [2].

Based on the proposal of Jones and Laird [16], the AT process of our agent
has the following steps:

1. Initialising AT: Determine whether and when thinking about the future is
worthwhile. AT is an expensive process, and we should not perform it con-
tinuously. In our proposal, this step is executed together with the decision to
commit to a new goal in a typical Belief Desire Intention (BDI) agent [27,34].
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2. Imagining the future: Based on the current information and strategy, the
agent thinks about future events and their impact on itself and the environ-
ment. The proposal for this step is to use simulation to foresee future events
(Sec. 3). The impacts in which we are interested are norm violations.?

3. Prospective planning: Once an undesired future event is imagined, the agent
revises its decisions and strategy as needed in response to future events. The
proposal is to search for alternative plans in the agent plan library (Sec. 4).

4. Preparatory action: Given the prospective plan (if any), the agent decides
what to do now to prepare for the future. We consider two possibilities for
this step: select an alternative plan from the plan library or give up the goal
(Sec. 4).

Briefly, we delimit the scope of this paper to the anticipation of future norm
violation for a BDI agent that already has a set of plans. These plan if executed
to achieve some goal, may violate a norm in the future. We also opted not
to change or add new plans to solve the future problem. The solution should
be found within the current set of plans or the goal must be dropped. The
main reason for that is that we are assuming the plan library as defining a
safety boundary for the agent’s behaviour, and no new dynamic and unexpected
behaviour is desired. All these delimitations are further discussed in Sec. 6.

The simulation of the future in our AT agent (step 2 of the process) requires
that the agent knows the models of the environment, itself, and norms. These
models are detailed in the next subsections. In our previous work on anticipatory
thinking [15], the future problem is determined based only on the state of the
environment. However, the detection of a norm violation cannot be reduced to
this case: the current state of the environment is not enough to infer the current
normative state. The detection of a norm violation requires both the environment
and normative state. For example, consider a norm that is activated due to an
environment state and later violated due to another environment state. Only
this latter environment state is not enough to identify a violation case, we need
to know that the norm is active. Thus, we also need a model of the normative
system.

2.1 The environment model

We model the evolution of the environment as proposed in Markov Decision
Processes [10]: the environment changes as a result of actions performed by an
agent. Considering a set of possible environment states .S, and possible actions
A, the evolution of the environment is modelled by the function:

e:SxA—=S

3 Other cases of future problems are investigated in our previous work. In [15] the
future problem is essentially an undesired state and the failure to satisfy some goal.
In [13] the future problem is caused by other agents.
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Given a state s € S and the action a € A, e(s,a) is the next state of the
environment after the execution of the action. We consider the environment as
static, fully observable, deterministic, and discrete [29].%

2.2 The agent model

The agent model is simplified to a function representing possible actions for each
environment state (agent policy function):

T:89 = A"

Given a state s, 7(s) is a sequence of r possible action options for the agent,
ordered by preference. For example, in the grid-world scenario, if the state is s
and 7(s) = (s,w,e,n), the agent prefers to go south (s), then west (w), then
east (e), then north (n).5

The agent policy function represents the knowledge the developer gave to
the agent at design time: the preferred actions for every state ordered according
to a strategy. This strategy does not consider norms and thus the 7 function
does not consider the normative state. In our proposal, norms are discovered
and properly handled at runtime by the AT agent.

2.3 The normative model

While the environment evolves through agent’s actions, the normative state of a
system evolves based on the state of the environment (the brute facts [32,7]). For
the purpose of defining the AT agent, we introduce here a very simplified view
of the normative dynamics, ignoring several aspects of this realm [4,35,21,6,33].
Thus, considering a set of possible normative states P, the normative state evo-
lution is modelled by the function:

p:PxS—P

Given a normative state p € P and the environment state s € S, p(p, s) is the
next normative state from the brute facts represented by s.

Two other functions are defined to assign properties to normative states. Con-
sidering the set of boolean values B = {true, false}, the function v determines
whether a norm is violated in a normative state and the function o determines
whether a norm is activated in a normative state.

v:P—B
a:P—B

4 Here, we are considering only one agent, see [13] for a multi-agent case. We are also
considering a deterministic environment, for a more uncertain environment, see [15].

® We use [i] to denote the i-th element of a sequence and [—1] to refer to its last
element. For example, if 7(s) = (s, w, e, n), then 7w(s);;} = s and 7(s)[_1) = n.
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In our proposed simplification of the normative model, we focus only on the
evolution of normative states and whether these states enclose a violation or
activation of norm. A normative state is just an identifier. We therefore abstract
away from the internal structure of what constitutes a state (as we do for the
environment model) as well as how the normative system is implemented (this
system is simply abstracted by the p function). The advantage of this approach
is that we do not rely on a specific definition of norms or normative system im-
plementation to describe the core ideas of our proposal. Naturally, for a concrete
implementation (such as the one presented in Sec. 5), all these details should be
provided.

3 Simulation of the future

A simulation produces a history. We represent a history h of length m (h €
(Sx P)™ m > 0) as a sequence of m states ((s1,p1),- - -, (Sm,Pm)). Each history
state is a pair with the environment state and its corresponding normative state.
We denote the last state of history h as hj_yj, the first term of a pair with [1]
((s,p)p] = 8), the second term with [2] ((s,p);) = p), an empty history as (),
and the set of all histories as H (H = |J;=,(S x P)"). The concatenation of two
histories is produced by the operator &.

A possible history is illustrated in Fig. 1. The history {(s1,p1), (s2,p2), (s3,D3))
is produced by the agent following its preference departing from state (s1,p1).
In this initial environmental state sj, the options for the agent are m(s1) =
(az,az,a1) and the preference is for action az (7(s1)p1) = as). The next envi-
ronmental state is e(s1,az) = s2. The corresponding normative state is given by
p(p1,$2) = p2. In the last history state (s3,ps), we can notice that a norm is
violated (v(ps) = true) and we thus obtain an undesired history.

Given the three models (agent, environment, norms), an agent can use the
following matriz : S x S x P — H function to foresee whether a goal g (g € S)
will be achieved without any norm violation from the current state s:

matriz(g, s, p) :e D))
if v(p’)
mah(g, h ifs'=g
mah(g, h ( ,p"))) otherwise
Y
h 8 p = h[Q]
( ( D)
24 —p(p,s )

The matriz function begins with an agent goal g, an environment state s and a
normative state p and builds the history incrementally by simulating the future
step by step starting from the last state of a history h. It considers that the
agent will select its first preferred option (7(s’);1)). The function returns either
a successful history or an empty history if a violation is detected. The auxiliary
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Fig. 1. Example of future simulation. The current environmental state is s1 and the
normative state is p;. Four actions are defined (A = {a1,a2,as,as}), but only three
are options for the agent in state s1 (w(s1) = (as, a2, a1)) and two for state sz (7w(s2) =
(a1,a4)). The state s1 is transformed into state s2 by action as (e(s1,a3) = s2). The
normative state p; is transformed into state pz by the new environmental state s
(p(p1, s2) = p2).

function mah : S x H — H maps a goal g and a history of decisions given by m,
e, and p into a history where ¢ is the last state.’

Given these definitions, we have a discrete notion of time that evolves based
on changes in states produced by the actions of the agent. By simulating the
future with functions e, 7, and p, the future is linear, as well as the computational
complexity to build it. We are therefore able to compute the future instead of
the possible futures. This is possible because we simulate the future based only
on the first option of the agents’ policy. In other techniques, such as automated
planning [12], the future is branching for each possible action because the agent
policy is not considered (indeed, their objective is to create a policy), which
usually leads to exponential complexity.”

4 Reasoning About Alternative Options

For the prospective planning step of the AT process, our proposal is to verify if an
alternative option to achieve the agent goal will avoid the violation. Considering
Fig. 1, we can verify whether actions as or ag, the second and third options

5 If both conditions of mah hold (i.e., v(p’) = true and s’ = g), the function returns
(). The violation precedes the achievement.
" The computational analysis of the proposal is further elaborated in [15].
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of the agent, would bring a preferable future. More specifically, the agent may
select an alternative option for the current state s (given by 7(s); with j > 1)
instead of the most preferred option (given by 7(s)[1)). Note that alternatives
should be evaluated for next states as well, for instance, the options for s5. The
approach is to exploit the current agent plans, instead of creating new ones.

When our agent has a new goal g (defined as a particular environment state),
it can use Alg. 1 to decide whether to commit to it or not: given the current
states s and p, use the matriz function to foresee if the goal g is achieved in the
future (matriz(g, s,p) # (). If so, commit to it; otherwise, search for alternative
options. If no option exists, the agent drops the goal since it is preferable to do
nothing rather than pursuing a goal that will violate a norm.® If the agent has
options, select the best. The search algorithm on line 5 returns a set of alternative
plans pls to achieve g without violation. The search is based on Breadth-First
Search (BFS) where the nodes of the tree search are expanded by the options
given by 7 (more details can be found in [15]). A plan is a sequence of choices of
options. For instance, the plan (2,1, ...) means: select the second option for the
first state (m(s1)[)), the first option for the second state (7 (s2)p), -..° Several
criteria could be used to define the best function on line 8. Currently, we propose
to select plans from pls that deviate less from the agent preference, i.e., that
minimizes the sum of the numbers in the plan.

Input: goal g, plan library pl, environment model e, normative model p

1 7w < a policy for g based on pl ;
2 matrix < a matrix simulator based on e, p and ;

3 (s,p) + perception() ; // the agent perceives both environment and
normative states
if matriz(g, s,p) = () then
pls < search(g, s,p, ) ; // pls is a set of alternative plans
if pls = 0 then
L return drop g

b« best(pls) ;
T < a new policy based on plan b ;

© o g O Gs

10 return 7

Algorithm 1: Search for Alternatives.

The alternative plans (set pls in the algorithm) can achieve the goal without
violation due to not producing states that either (i) violate any norm or (i7)
(de)activate a norm. We are particularly interested in investigating when one
case is better than another. For instance, if we are at 4:45pm and the LTZ is

8 Note that we are not considering the case where the agent decides to violate, that
case will be addressed in future works.

9 We call these plans alternative plans because they are not new plans, but just a
different sequence of choices from options given by the existing plans.
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forbidden from 5pm until 7pm, maybe the best option is to wait a bit and use
the faster path through the LTZ. This decision affects the selection of the best
alternative in line 8 and is evaluated in the next section.

5 Grid World Scenario

We further discuss our proposal using the example introduced in Sec. 1. The
scenario is illustrated in Fig. 2. The white path, crossing the LTZ, represents the
path the agent uses if norms are ignored. This is also the shortest path.

Fig. 2. The LTZ Scenario. The blue circle is the agent initial location and the grey
square its destination. Yellow squares represent the LTZ.

The experiment is implemented in Jason [5]!° and part of the source code is
shown in Fig. 3. The plans are there just to move the agent towards its target.
There is no reference to norms, since they are discovered at runtime.

To include norms in the experiment, we use the NPL language [14,39]
since it offers an implementation already integrated with Jason. We thus add
the following norm to the system:

11
)

9 The source code is available at https://github.com/jomifred/future-bdi. To imple-
ment the matrixz function, the mental state of the agent is cloned and placed to run
in a simulated environment instead of the real environment. The normative system
is also cloned and its dynamics is based on the simulated environment.

1 https://github.com/moise-lang /npl
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// plans for the goal !pos(X,Y)

@ [preference(0),cost(0.0)] +!pos(X,Y) : pos(X,Y).

@s [preference(D),cost(1.0)] +!pos(X,Y) : ok(s) & distance(s ,D) <- s; !pos(X,Y).
Osw[preference(D) ,cost(1.4)] +!pos(X,Y) : ok(sw)& distance(sw,D) <- sw; !pos(X,Y).
@se[preference(D) ,cost(1.4)] +!pos(X,Y) : ok(se)& distance(se,D) <- se; !pos(X,Y).
Qw [preference(D),cost(1.0)] +!pos(X,Y) : ok(w) & distance(w ,D) <- w; !pos(X,Y).
Qe [preference(D),cost(1.0)] +!pos(X,Y) : ok(e) & distance(e ,D) <- e; !pos(X,Y).
On [preference(D),cost(1.0)] +!pos(X,Y) : ok(n) & distance(n ,D) <- n; !pos(X,Y).
Onw [preference(D),cost(1.4)] +!pos(X,Y) : ok(nw)& distance(nw,D) <- nw; !pos(X,Y).
One [preference(D) ,cost(1.4)] +!pos(X,Y) : ok(ne)& distance(ne,D) <- ne; !pos(X,Y).
@id[preference(D),cost(0.9)] +!pos(X,Y) : distance(idle,D) <- idle; !pos(X,Y).

// checks if going to some direction is possible (free cell)
ok(D) :- next(D,X,Y) & free(X,Y).

next(s ,X ,Y+1) :- pos(X,Y). // my next location if doing south
next(sw,X-1,Y+1) :- pos(X,Y).
next(se,X+1,Y+1) :- pos(X,Y).
next(w ,X-1,Y ) :- pos(X,Y).
next(e ,X+1,Y ) :- pos(X,Y).
next(n ,X ,Y-1) :- pos(X,Y).
next (nw,X-1,Y-1) :- pos(X,Y).
next(ne,X+1,Y-1) :- pos(X,Y).
next(idle,X,Y) :- pos(X,Y).

free(X,Y) :- X >=0& Y >= 0 & w_size(W,H) & X < W& Y < H
& not obstacle(X,Y)
& not agent(_,X,Y).
distance(Dir,Dist) :- next(Dir,X,Y) & destination(GX,GY) &
Dist = math.sqrt( (X-GX)**2 + (Y-GY)**2 ).

Fig. 3. Jason code of the agent.

norm nl
step(S) & S > 10 & S < 1000
-> prohibition(A,nl, pos(A,X,Y) & 1tz(X,Y), false).

the activation condition (after :) states that the norm is active only after step 10
and before step 1000 (simulating the time interval of the prohibition). While it is
active, the norm specifies that every agent A is forbidden to be in a location X, Y
(pos(A,X,Y)) that lies within the LTZ. Considering that, in the figure, the black
line represents the path that never places the agent inside the LTZ. The red line
represents the path that uses the LTZ up to step 10, resulting in a shorter path
than the one shown in black.

In this environment, given the agent policy derived from the plans and the
NPL norm that defines the normative model, our proposed agent initially detects
(line 4 of Alg. 1) that following its preferred options would result in a norm
violation (the white path). It then searches for alternative options (line 5). In this
experiment, the best alternative (line 8) keeps the agent strategy (its preferred
options) and does not violate the norm, either by not entering the LTZ (the
case in the end part of the red path) or by not activating the norm (the case
in the beginning part of the red path). This alternative yields a policy (line 9)
that moves the agent along the red path shown in Fig. 2 (which is faster than
the black path that avoids the LTZ).
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This example illustrates that, in certain scenarios, it is preferable to exploit
the activation condition of norms in order to find a better alternative to be norm
compliant.

From an agent development perspective, we have an agent proposal that, at
runtime, faces some norms and adapts its behaviour accordingly. It is neither
originally programmed considering norms nor reprogrammed when (new) norms
are discovered. For instance, by merely changing the norm activation condition
to:

norm nil
step(8) & S < 10
-> prohibition(A,nl, pos(A,X,Y) & 1ltz(X,Y), false).

i.e., the LTZ is active just in the beginning of the experiment, the agent will
adapt its behaviour exploiting the new norm and the idle action, resulting in a
path like shown in white in Fig. 2 (it stays on idle for 6 steps and then starts
moving). Furthermore, by simply adding norms into a system, newly arriving
agents of the type proposed here can be constrained so that they adhere to the
system’s rules.

Obligations can also be used in the norms. For instance, suppose that a kind
of portal has to be visited if there is one near the destination. This case can be
expressed by the following norm in NPL language:

norm n2
: destination(DX,DY) & portal_near(DX,DY, PX,PY)
-> obligation(A, n2, visited(A,PX,PY), pos(A,DX,DY) ).

portal_near(DX,DY, PX,PY) :-
portal (PX,PY) &
D = math.sqrt ((DX-PX)**2 + (DY-PY)*x*2) &
D < 5.

The activation condition is based on the agent destination goal (destination (DX,
DY)) and a portal near that destination. The predicate portal_near(DX,DY,
PX,PY) is true if there is a portal at PX, PY and it is near the destination, as
defined by the rule that follows the norm. If there is such a portal, the agent is
obliged to visit its location PX, PY (the third argument of the obligation) before
arriving at its destination. Arriving at the agent destination (pos(A,DX,DY)) is
the obligation deadline (its fourth argument). If the deadline condition holds
before fulfilling the obligation (visited(A,PX,PY)), the norm is considered vi-
olated in NPL.

When simulating the future with this norm, violations are foreseen as before.
If the agent destination goal is near a portal (based on the environment state
represented by destination(DX, DY) and portal(PX, PY)), the norm is acti-
vated in the corresponding normative state. An environment state that holds
pos(A,DX,DY) and not visited(A,PX,PY) count-as a normative state with a
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violation (based on function v) and that state should be avoided by our AT
agent.

The particularities of NPL and its possible types of norms are irrelevant
for our proposal. This language is used as an experimental tool to allow us
to implement the proposal. Our proposal relies on any normative engine that
computes violation of norms based on the environmental state.

In this paper, we are looking for improvements in agent decision-making with
respect to potential violation of norms in the future. A fundamental feature of
the proposal for addressing this issue is that it relies on the knowledge provided
by the developer to the agent. This knowledge equips an agent with options and
strategies to achieve their goals, as represented by its 7 function. We therefore
assume that the developer is a domain expert and the agent benefits from hav-
ing more options given to it. The search for alternatives algorithm exploits this
practical knowledge to better choose between options and prevent problems in
the future. As mentioned earlier, another motivation for this approach is to pre-
vent the agent from creating new plans, which could imply a possible undesired
behaviour.

6 Discussion and Related Work

In terms of related work, we begin by discussing the similarities between our
proposal and automated planning [12], including approaches that combine plan-
ning with BDI, such as [31,22]. Planning can address norms by adding them in
the action and state specifications [25,18]. While both planning and our pro-
posal use a model of the environment to simulate the future, ours additionally
considers a model of the agent itself. This agent model enables us to foresee
potential future violations within a linear computational complexity (cf. matrix
function)!2, in contrast to the typically exponential complexity associated with
planning. Moreover, we assume that plans are carefully defined and verified at
design time, avoiding the potential undesired surprises of dynamic generation of
plans.

In the context of normative reasoning, several works tackle the problem of
norm compliance from an agent perspective. Some of them focus on deciding
whether or not to follow a norm [8,3,20,9], which, although complementary, is
not the main problem addressed here. We focus on avoiding norm violations with
anticipation.

We propose to classify related work considering how far the future is antici-
pated. In the context of cognitive agents, three classes are observed:

12 The complexity of the matriz function is linear, since it simulates the future based on
the first preference of the agent. However, the complexity of the search for alternative
options (line 5 of Alg. 1) is exponential.
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1. The action class: the agent foresees that the action it chose to execute will
violate some norm (scenario 3 of the introduction). Most works can be placed
in this class (e.g., BOID [8], NoA [17]'3, [19]).

2. The plan class: before selecting a plan, the agent evaluates if that plan will
violate some norm and decides for that plan accordingly (e.g., Nu-BDI [23],
NBDI [30]). This solution depends on the granularity of plans: a long plan
implies more anticipation.

3. The goal class: before committing to a goal, the agent evaluates all plans
that will be selected to foresee if a norm will be violated. We did not find
other work on this class.!?

The plan class where goals can be achieved by only one plan can be merged
with the goal class. However, we are more interested in agents where plans are
divided in sub-plans, so that the agent is able to select the most suitable sub-
plan for the current circumstances as it advances in the goal achievement (as
is the case of several agent programming languages inspired by the Procedural
Reasoning System (PRS) proposal [11]).

This classification raises the question of how far ahead the agent should
anticipate. The action class is clearly easy to implement and requires little com-
putational effort. However, the agent may spend considerable energy only to
realize, too late, that the goal is unachievable (as in scenario 1 described in the
Introduction). At the other extreme, the goal class can detect in advance that
a goal will violate a norm, but it is more complex in terms of required models
and computational cost. The plan class occupies an intermediate position be-
tween these two. Another aspect to take into account is that our simulation of
the future assumes a perfect model of the environment and assumes that only
our agent changes it. If these assumptions are relaxed, our confidence in the pre-
dicted future decreases the further we look ahead (as analysed in [15]). Thus, the
decision of how far to anticipate should be balanced by the certainty of future
states. As is often the case, the answer to the question depends on the charac-
teristics of the application. The contribution of this paper is to offer developers
a set of concepts and factors to take into account.

Regarding the proposals on anticipatory thinking that inspired our research,
a contribution of this paper relies on combining agents, environment and norms
in a practical implementation that allows us to experimentally investigate the

13 Although the authors propose a decision based on the selection of plans, their defi-
nition of plan is the same as our definition of action, so NoA is placed in the action
class.

NBDI addresses goals, but not all plans are used to achieve them. It compares
the state that the norm forbids against the agent’s goals to identify a conflict. For
example, if the norm prohibition is pos(10,20) & 1tz(10,20) and the agent goal is
pos (40,50), there is no conflict comparing these terms and both the norm and the
goal are accepted. However, the case that the agent plans to move the agent through
the LTZ is not captured by NBDI when evaluating goals, although it will be when
evaluating plans.

14
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approach. As in [1], we introduce a metacognitive mechanism, and, following [16],
this mechanism operates in a way that is similar to the usual agent reasoning.
Our agent places a clone of itself, the environment and the normative system in
a “matrix” simulator, “watches” the outcomes and changes its plans accordingly
(metacognition). The reasoning of the cloned agent is identical to main agent
(despite that it does not foresee the future).

7 Conclusions and Future Work

This paper introduces the initial results of our investigation of integrating antici-
patory thinking with normative reasoning for BDI agents. The main contribution
is an agent proposal that is capable of foreseeing, before committing to a goal,
whether some norm will be violated. If that is the case, the agent is also capable
of avoiding either the activation or the violation of the norm by selecting other
plans available to the agent. The developer of this agent does not need to con-
sider norms while coding the plans. The norms are discovered at runtime and
used by the agent reasoning mechanism to improve its decisions.

The proposal, however, has some limitations that will be addressed in future
works.

1. The requirement of the environment and normative models. This require-
ment is quite common in proposals that consider the future (e.g., Nu-BDI
defines that model in terms of the pre-conditions and effects of actions). Be-
sides being sometimes unrealistic, this model can be difficult to define [36].
One alternative is to learn an environment model [37]. The normative model,
as proposed here, is usually the NPL program the system already has. How-
ever, the normative model depends on quality of the environment model
(the brute facts) to provide good predictions. We also plan to relax some
current assumptions of the environment model: deterministic, static, and
fully observable.

2. Norm adoption. The focus on the anticipation process, the proposed agent
does not violate a norm, preferring to change its plans or drop its goals
instead. We plan to extend the agent to deliberate about violating a norm
in case it conflicts with its goals or requires a lot of resources to be fulfilled.
The work of n-BDI [9] is a good starting point.

3. Replanning. To prevent any violations, we suggest searching among the al-
ternative plans that the agent already possesses. However, the agent might
not have alternatives or they are costly. In these cases, adding new plans or
changing current plans could be an alternative to investigate.

4. More scenarios. Although the grid scenario allowed us to perform initial
experiments, it is simple compared to real applications. We plan to apply
anticipation techniques in robotic applications of our laboratory [24].
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