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Abstract
Automated Planning deals with reasoning processes where

a set of goals must be achieved from an initial state using
some actions. Most work on planning have a static view of
goals; they are given at start of the planning process and they
do not change over planning and/or plan execution. However,
in many real world domains, agents need to consider dynamic
goal management. In this paper, we propose to increase the
performance of planning agents by learning when goals will
appear in the near future. The learned predictive models allow
agents to perform some kind of anticipatory planning, where
the planning process considers not only current goals, but also
future predicted goals. We also study under which conditions
this anticipatory approach outperforms a standard planning
approach. Finally, experiments that support our hypothesis
are presented.

Keywords: artificial intelligence, automated planning, goal
reasoning, anticipatory planning

Introduction

Automated Planning is the AI discipline that gener-
ates plans to achieve goals from given initial states. A
planner receives as input a set of actions (that describe
how the states are modified by their execution), a set of
goals to achieve, and an initial state. Many and varied
are the techniques explored to this purpose [16]. In or-
der to make it tractable, classical planning has made a
set of assumptions. In relation to goals, a common as-
sumption is that goals are given as input to the planning
system and they remain static during the execution of
plans.

In recent years the interest in creating autonomous
agents for numerous real world applications has greatly
increased. Applications range from surveillance pur-
poses to control tasks [1,7,12,15,28]. In these cases the

closed-world and static-goals assumptions do not hold
any more and reasoning about goals and the changes in
the environment becomes essential [29,31]. Therefore,
new approaches explicitly deal with dynamic goals. A
notable example is the concept of Goal-Driven Auton-
omy (GDA), inspired by Cox’s work [9] and detailed
in [20]. GDA is a conceptual model that explicitly con-
siders goal reasoning as a key component of the deliber-
ative reasoning process of autonomous agents. It allows
us to design and deploy autonomous agents that can ex-
plicitly reason about their goals, identifying when they
need to be updated or changed through environment
monitoring.

The first works on GDA only generated goals follow-
ing a set of pre-programmed rules that are triggered un-
der some state’s conditions [8]. A human must code all
the goal-triggering rules before the system’s execution.
Some recent works on goal reasoning learn goal formu-
lation without human interaction, extending agents au-
tonomy [19]. All these previous works rely on goal rea-
soning based on the current state of the world. We want
to extend the agent’s performance by creating a system
that is able to generate and handle not only the current
existing goals, but also the possible upcoming ones,
given the current and recent states of the environment.

From an Automated Planning point of view, previous
approaches trigger planning episodes when the current
state and/or goals change (most often state changes).
We refer to this paradigm as Reactive Planning, since its
behaviour is triggered to react to changes in the environ-
ment. Our system is based on Anticipatory Planning [6]
that takes into account the possible upcoming – but not
currently existing – goals along with the current goals
when triggering the planning process.

The main contributions of this paper include:

– The design of a learning system that can predict
the appearance of new goals in the near future. The
learning system is capable of learning goal’s ap-
pearance off-line and on-line by collecting learn-
ing examples from the plans’ execution. In an on-
line setting it is able to handle concept drift; when
the conditions of goal’s appearance change dynam-
ically.
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– The design of a goal management system that takes
into account the learned goal predictive models to
generate new goals.

– The integration of the new goal management sys-
tem within a cognitive architecture that already
integrates planning, execution, monitoring and re-
planning capabilities. We call this new approach
Learning-driven Goal Generation Anticipatory
Planning (LGG-AP)

– The evaluation of its performance in a typical do-
main for goal management, comparing LGG-AP

against Reactive Planning, that only reasons with
the current goals.

– The analysis of the impact of different relevant
parameters that influence the anticipation of future
goals.

The paper is organized as follows: the next section
formally defines Automated Planning tasks; the third
section enumerates the domain characteristics where
LGG-AP can be applied; the fourth section describes an
architecture that integrates goal reasoning with Auto-
mated Planning; the fifth section details the learning
component that allows the agent to generate future goals
based on the current and past states; the sixth section
describes the experimental setting, including the simula-
tor we will use for the experiments; the seventh section
presents the results; the eighth section presents some re-
lated work; and the last sections present the conclusions
and outline future work.

Planning tasks

A classical STRIPS planning task can be formally
defined as a tuple Π = {F,A, I,G}, where F is a set of
propositions, A is a set of instantiated actions, I ⊆ F is
an initial state, and G⊆ F is a set of goals. Each action
a∈A is described by a set of preconditions (pre(a)), that
represent literals that must be true in a state to execute
the action and a set of effects (eff(a)), literals that are
expected to be added (add(a) effects) or removed (del(a)
effects) from the state after execution of the action. The
definition of each action might also include a cost c(a)
(the default cost is one). The application of an action a
in a state s is defined by a function γ, such that γ(s,a) =
(s \ del(a))∪ add(a) if pre(a)⊆ s and s otherwise (it
cannot be applied). The planning task should generate
as output a sequence of actions, called a plan, π =
(a1, . . . ,an) such that if applied in order from the initial
state I would result in a state sn, where the goals are

true, G⊆ sn. Plan cost is commonly defined as: C(π) =

∑ai∈π c(ai).
In order to represent planning tasks compactly, the

Automated Planning community uses the standard
language PDDL (Planning Domain Description Lan-
guage) [14]. A planning task Π is automatically gener-
ated from the PDDL description of a domain D and a
problem P. The domain defines the actions that agents
can perform. The problem describes the specific task to
be solved at each reasoning step; i.e., the state objects
involved, the initial state and the set of goals to achieve.
The underlying representation formalism used in PDDL
is predicate logic. In order to increase efficiency, plan-
ners usually transform that high level representation
into a more efficient one, such as propositional logic or
other equivalent representations.

This planning model assumes the world is determinis-
tic and the agent has full observability, among other as-
sumptions. In most real-world environments, this is not
the case. Most previous works focus on the uncertainty
about the actions outcomes, but in this paper we are
interested in a recently presented paradigm that focuses
on reasoning about goal’s uncertainty [5,6]. There have
mainly been two ways to handle uncertainty. Either un-
certainty is represented explicitly in the planning model
and planners reason with those models [4], or planners
reason with deterministic world models and when exe-
cution of some actions fails, the agent replans [34]. In
this paper, we will use a deterministic approach and we
will replan either when the set of goals changes or the
system predicts it may change.

Anticipatory Domains

In many real world domains agents can improve their
performance if they can anticipate and reason about the
arrival of future goals. Agents can generate [10] some
(future) goals and start trying to achieve them sooner.
In order to define the anticipatory behavior, we will first
provide the following definitions related to goals.

Definition 1. Goal predicate. A predicate p is a goal
predicate in a planning domain D if any of its instantia-
tions (groundings) appear in the goals list of any of its
problems P.

Given any domain D, in theory any predicate can
appear instantiated as a goal of any problem. However,
in most domains there is a subset of predicates that are
the ones that appear instantiated as problems’ goals. For
instance, consider a Taxi domain in which a fleet of
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taxis have to serve a set of customers’ pick-up requests.
The domain model defines predicates like at-car, at-
customer, car-empty and in, but most problems
will only use at-customer in the goals description.
Thus, at-customer would be a goal predicate for the
Taxi domain. We assume that our system knows the set
of all goal predicates, P . It can be either or given by the
user or automatically computed by looking at a set of
problems. That allows us to define the following set.

Definition 2. All-goals set of a set of predicates P ,
GP . Set of all instantiated goals that can be generated
by instantiating predicates in P with world objects.

Goals in GP can appear at any time step from the
beginning until the end of the agent’s execution. The
agent knows which goals could be given (or generated
by the agent), but it does not know if or when they will
arrive. For example, in the Taxi domain, the all-goals set
G{at-customer} of an agent’s execution would consist
of all potential instantiations of the goal predicate at-
customer. So, it would be at-customer(A,locX),
at-customer(B,locY),...

Definition 3. Known goal. A goal g ∈ GP is a known
goal if it has appeared (given or generated) at any time
step. K ⊆ GP is the set of known goals.

Following the previous Taxi domain example, if at a
given time step only the goal at-customer(A,locX)
has appeared, it would be a known goal, conforming K .
We now define two other types of goals needed for our
work: active goals and predicted goals.

Definition 4. Active goal. A goal g is active if the
agent is trying to achieve it in the next planning episode.
G⊆K is the set of active goals.

Definition 5. Predicted goal. A goal g is predicted
if the agent’s inner model foresees its appearance in
the near future. At the moment a goal is predicted, it
becomes active and known. Gl is the set of predicted
goals.

The agent should generate plans to achieve those
goals in G. Some of them are known goals that the agent
has not achieved yet. But, new goals g ∈ GP ,g 6∈ G
could be added over time. The reason why a goal is
added to G can vary: a user adds g to the current set of
goals at a given time step; a procedure in the planning
agent decides to generate it based on the current state of

the world, as in some GDA approaches [8]; or a model
predicts its appearance in the near future, as we deal
with in this work.

We will make some assumptions in this paper on the
properties that domains should meet in order Anticipa-
tory Planning to be useful.

– For each goal g ∈ GP , the agent does not know
whether g will appear or when g will appear.

– There is at least one goal g ∈ GP that follows an
appearance pattern; i.e., its appearance depends
on some features related to the observable state.
This is needed so that learning to predict new goals
makes sense.

– There is full observability on the appearance of
goals. At each time step, the agent can observe the
set of new goals that have appeared or have been
generated by itself, updating the set of active goals
Gt to Gt+1.

– When a goal is active, it will not disappear from G
until it is achieved by the execution of the plan.

– An increasing penalty is paid at each time step for
all goals gi that have already appeared, gi ∈G\Gl ,
and have not been achieved. Although predicted
goals Gl are active, since the agent is trying to
achieve them, the agent only pays the penalty for
those goals in G that have already appeared. The
total penalty for each goal, p(g) can be computed
following Equation 1.

p(g) =
{

0 if g 6∈ G
kg×δ if g ∈ G\Gl

(1)

where kg is the penalty associated to the goal g
and δ is the difference between the arrival time of
the goal and the time when it is achieved by the
execution of some action. The total penalty of the
whole planning-execution cycle, P, is the sum of
the penalties paid by each goal that has appeared
over the complete planning-execution cycle, p(g).

As we have mentioned, there are many domains
where those assumptions hold. For instance, take a com-
pany that provides products to some warehouses. Sup-
pose that each warehouse will generate a new goal of
having a given product when they do not have stock
of that product. If the company is able to predict when
warehouses will run out of a product, it can plan to sup-
ply the product before the warehouses ask for it, offer-
ing a better service and saving time for the warehouse.

Yet another domain is the case of a smart city that
wants to control its urban traffic, as we have previously
shown in [26]. In that work the goals consisted on de-
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creasing the density level of the busy streets through
changing the green and red phases of the traffic lights.
We showed that if we are able to learn a predictive
model that suggests us the appearance of congestions
in the near future, we can incorporate these predicted
goals into the set of active goals. Then, we can start the
planning process sooner, improving the behavior of the
system and leading to less waiting time for the cars and
pollution levels for the city.

These domains can be seen as goal maintenance prob-
lems [30], where some predicates must hold during ex-
ecution. But, Anticipatory Planning offers some advan-
tages. First, techniques that perform goal maintenance
trigger actions to achieve maintenance goals as soon as
the goals do not hold [24]. For example, when the ware-
house runs out of a product, the agent will immediately
try to achieve the goal of having a specific quantity of
the product. Other recent works define proactive agents.
An agent will take actions not only in response to a
maintenance goal not holding, but also in anticipation
of the maintenance goal being violated [13]. The agent
reasons about the effects of several actions in the near
future and will not take any action that violates a mainte-
nance goal. That is, the agent takes into account that all
the maintenance goals hold during the planning process.
This can improve the rational behavior of agent sys-
tems, but these maintenance goals cannot deal with ex-
ogenous events, as our Anticipatory Planning approach
does. We store information about the environment and
build a model that predicts the appearance of goals (or
maintenance goals that will be violated) in the future
based on these exogenous events.

Other example domains, which can not be seen from
a maintenance goal point of view, are surveillance tasks,
as those of police, guards, or drones. If we can antici-
pate where the security breach will appear (where each
security breach will generate a new goal to address it),
they can arrive at the place earlier and patrol (or execute
a set of actions) where the predictive model suggests. In
this paper, we will focus on Unmanned Aerial Vehicle
(UAV) domains. UAV’s usage is growing in recent years
due to their low price, increasing set of programming
tools, and versatility. The possible uses of UAV’s range
from military approaches to different surveillance pur-
poses. In this case we propose a domain in which an
UAV performs surveillance tasks on an area that has
been discretized in a grid.

The UAV has to serve a set of requests coming from
a surveillance center. Each goal is a request of perform-
ing a given set of tasks (as taking images) in a specific
cell of the grid. To service a request, the UAV must

move from its current position to the cell of the request.
For example, a request can be taking an image or mak-
ing some kind of measurement. So, the goal would be
(taken-image <cell-id>) or (measured <cell-
id>). Since several observation requests can appear
at the same time, the UAV is provided with a planning
component in order to find the best plan to cover all the
requests (goals) with the minimum penalty. The goals
do not disappear until they are achieved and can be
achieved at any time. This differs from previous works
that assume a finite horizon [5,6].

All these domains share the same assumptions, so we
expect similar results in terms of improvement of per-
formance over a system that does not anticipate to their
appearance. Since we had good results in the traffic
domain, we wanted to analyze here whether they gener-
alize to domains with similar assumptions on goals.

In the following section we describe the architecture
that allows the agent to generate and formulate its own
goals based on learning, as well as performing anticipa-
tory planning and executing the generated plans.

Architecture

Given that the agent needs to integrate learning, goal
management, planning, and execution, we have based
our work in a domain-independent architecture that we
had developed, PELEA [18]. We have instantiated PE-
LEA in LGG-AP in order to add goals prediction capa-
bilities to the architecture, goal management based on
learning goals appearance and anticipatory planning. A
high level view of LGG-AP is depicted in Figure 1. First,
we will briefly describe how the architecture works. In
the next section, we will describe in more detail the
main contribution of this paper: the goal generation
component based on learning goal prediction models.
We will also describe in the following section the simu-
lator we have built in order to test the system’s perfor-
mance.

Initially, the Execution module receives a planning
task, as a domain and problem file, including the ini-
tial state and goals (initial active goals G). These files
are sent to Monitoring and Planning components, so
that the Planning component can generate a plan for
the initial planning task. The plan consists of actions
that the Execution module will translate into low level
actions that will be sent to the Environment. As an
example, the action move(UAV,cell1,cell2) will be
translated into the different power values to each of its
four engines.
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Figure 1. Planning architecture that includes goal formulation and goal learning capabilities.

The Execution module periodically receives a set
of observations from the Environment. These observa-
tions are translated into a new PDDL problem that is
sent to the Monitoring component. Execution of ac-
tions can be stochastic, but in this paper we will only
focus on a specific source of uncertainty; the set of new
goals that appears at each time step. If the received state
or goals (present in the problem) do not match the ones
that the Monitoring module expected (e.g., a new goal
appears and becomes active), this module will call the
Planning component in order to find a new plan with
the state and goals (a new problem). Execution also
sends the observations to the Examples Generator
and the Goals & Metrics components.

At each time step, and before calling the Planning
module, the Goals & Metrics component receives a
problem from the Monitoring component, a set of
observations from Execution and a predictive model
from the Learning component. The Goals & Met-
rics component is in charge of deciding, given a prob-
lem, which goals the system should pursue.1 It can be

1It can also change the metrics to optimize for, though we are
not changing metrics here.

instantiated in several ways, depending on the goal man-
agement approach we want to use. For instance, it can
reason about the current subset of goals to plan for in
case of oversubscription planning (there is no plan that
can achieve all goals with the current resources). We
will later describe how it works in our case.

Learning-Driven Goal Generation

In this section we describe the Learning-Driven Goal
Generation, corresponding to the modules within the
dotted line shown in Figure 1. This component allows
the architecture to formulate new goals when the system
predicts they will appear in the near future. There are
three steps in this process: the generation of learning
examples; the construction of the predictive model; and
the formulation of new goals.

Generation of Examples

Our base idea is to predict future goals based on cur-
rent and past observations. Observations include mea-
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surable features about the state and checking whether
new goals have appeared. Examples of state features in
the case of the UAV can be temperature readings, seis-
mic activity, or any other measurement that our UAV
can observe at each cell. Therefore, we will use the
state features to generate the attributes of each train-
ing example. The check about the appearance of a new
goal at each cell generates the class of each example.
In the case of the UAV, the check at each cell and time
step returns true if the surveillance center requested an
observation in that cell and time step.

The Examples Generator module translates obser-
vations into examples in two steps: collecting observa-
tions and generating the examples. First, at each time
step t during execution, a set of observations Ot are
collected, one per cell in the grid; Ot = {oi,t |i ∈ [1,m]},
where m is the number of cells. Each observation
oi,t ∈ Ot takes the form of:

oi,t = 〈cell−idi, f1,i,t , f2,i,t , . . . , fn,i,t ,gi,t〉

cell-idi identifies the corresponding cell, f j,i,t( j ∈
[1,n]) represents the value of feature f j at cell i at time
t, n is the number of measurable features, and gi,t will
be either true (if the goal has appeared at time t at cell
i) or false otherwise.

The learning task consists on building a predictive
model for each cell i of whether the system expects a
goal to appear at i in the near future. Therefore, each
example should contain information about several ob-
servations in the past S time steps, as well as the in-
formation on whether the goal has appeared in exactly
H time steps into the future. S defines the number of
previous time steps that will be taken into account when
making the prediction, and H refers to the prediction
horizon. So, our learning system uses two parameters
whose values we will study in the experimental section.

Second, a training example can be generated for each
cell i and time step t from a set of environment obser-
vations:

EO i,t = 〈Oi,t−S,Oi,t−S+1, . . .Oi,t−1,Oi,t ,Oi,t+H〉

Each Oi,k(k ∈ [t−S, t] or k = t +H) is composed of the
feature values observed of the n features at cell i and
time k. The union of the values of all observations from
Oi,t−S to Oi,t (corresponding to the measurements from
S time steps ago until the current time t) will be the
attribute values of each example. And the goal value
in Oi,t+H , gi,t+H , will be the class of the example. This
is shown in Figure 2. Hence, each training example (at
cell i and time step t) can be defined as:

ei,t = 〈cell− idi, f1,i,t−S, . . . f1,i,t ,
f2,i,t−S, . . . f2,i,t , . . .
fn,i,t−S, . . . fn,i,t ,
gi,t+H〉

The set of training examples will be:

E = {ei,t |i ∈ [1,m], t ∈ [0,T ]}

where T is the number of simulation steps. There-
fore, the number of features in each example will be
(S+1)×n (n features, and S+1 time steps). And the
number of examples will be m× T (number of cells
times the number of simulation steps). The example
generation process is independent of the employed rep-
resentation. In our previous work on the traffic domain,
we used a relational (predicate logic) representation
where observations were described in terms of a set of
literals. Each example was defined as a set of grounded
predicates indicating the current and past states of the
world and the class of the training example. And we
employed a relational learning algorithm that can ex-
tract knowledge from these structured examples. In this
paper, we use an attribute-value representation instead,
where the input data set is typically represented as a
single table. Each row in the table is an example and
each column is an attribute that represents one particular
property of each example.

Building a Goal Predictive Model

Once the system has the examples, it can use a learn-
ing algorithm to generate a predictive model of future
goal appearances. We learn a single model for all cells.
In case different cells have different behaviors with re-
spect to goal appearances, the learning system can use
the cell-id as a feature that can help on making the
predictions.

Our approach does not need a particular learning al-
gorithm. The only restrictions are that it has to handle
the representation formalism of the examples, and it has
to deal with classification tasks (class is discrete). As we
mentioned, in our previous work, we used a relational
representation. Then, we had to use a relational learning
algorithm as TILDE [3], which learns relational deci-
sion trees from structured examples based on predicates.
In this paper, we use attribute-value representation, so
we can use any standard learning technique that solves
classification tasks. The input of the learning algorithm
is the set of training examples generated in the previous
step. The output is a predictive model, L. The resulting
predictive model is provided as input to the Goals &
Metrics module.
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Figure 2. Generation of two training examples ei,t and ei,t+1 at a cell i from observations. The attributes of the training examples correspond to the
value of two variables f1 and f2 in the previous time steps. The class of the training examples indicates whether there is a goal g or not at cell i in
the future time step H.

In the case of an off-line learning setting, the system
would collect all examples from one or several runs and
learn from them. In an on-line setting, as the one in this
paper, examples come over time and the system learns
every time new examples come. Given that the reasons
(pattern) for the appearance of goals can change over
time, there might be a concept drift. Therefore, we add
new examples and re-train at each time step.

Generation of Predicted Goals

In the last step of learning-driven goal generation,
the Goals & Metrics module receives as input at each
time step t: the current planning task, Π= {F,A, I,G}; a
predictive model of goal appearance, L; and a set of en-
vironment observations in the previous time steps at ev-
ery cell in the grid, EOt = {Oi = 〈o1,i,o2,i, . . .om,i〉, i ∈
[t−S, t]}. If L predicts future goals Gl (in H steps into
the future) based on the observations, the goals in Gl
are added to the current set of goals, generating a new
set of goals, G′ = G∪Gl . The output of this step is an
updated planning task that incorporates the new goals,
Π′ = {F,A, I,G′}.

Experimental Setting

In this section we cover the simulator we have imple-
mented for testing our approach, as well as the input
variables and metrics used in the comparison.

UAV Simulator

In our previous work, we used an existing urban traf-
fic simulator, SUMO [2]. Given that we did not have
access to a corresponding UAV simulator we built a
simulator for our tests. This simulator allows us to de-
fine different stochastic scenarios under diverse settings.
The simulator receives two files:

– Static configuration file: it contains the static char-
acteristics of the simulation, such as the map size.
For the experiments, we have generated a 10×10
grid area like the one shown in Figure 3.

– Dynamic configuration file: it contains the dy-
namic characteristics of the simulation. In partic-
ular, for each time step t, it contains Ot ; that is,
the set of observations oi,t at time t and cell i. As
described above, these observations include the
values for each feature f j at time t and cell i, f j,i,t
and the observation of goal appearance, gi,t . This
scheme allows us to define different scenarios with
specific patterns of observations and goal appear-
ances. We consider there could be two kinds of
features: those related to the state (e.g. position of
the UAV or the images taken); and the ones corre-
sponding to exogenous events of the environment
(e.g. the seismic activity and the earth temperature
at each cell and time step). The values of these
parameters are explained later.

At each time step t, the simulator will receive one
action from the Execution module. After checking for
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Figure 3. Screenshot from the surveillance UAV simulator. In this example scenario there is an active volcano on the top right side of the grid and a
lake on the bottom left.

its validity (it can be applied in the current state), it will
change the state of the simulation. Then, it returns to the
Execution module the observations at time t, Ot . For
each cell, these observations include the values of state
variables, the values of features related to exogenous
events, and the appearance of a goal. The simulator
also returns some metrics about the goal achievement
process during the simulation. For each goal, it returns
its current penalty (described in Equation 1), which we
will use later to presents the results.

In the experiments, we have defined two kinds of
goal appearance patterns: random and pattern-based.
Some goals appear randomly. Other goals follow an
appearance pattern that depends on the observations.
We will define in each experiment what pattern we are
using.

Experimental Variables

First we introduce the parameters we will vary
through the simulation and then we present the em-
ployed metrics. We will study the impact of varying
the main parameters that can affect the LGG-AP perfor-
mance:

– Anticipation horizon H: we use the values one,
three and five.

– Noise in the appearance of the predicted goals:
we use the values 0%, 20% and 40%. The noise
level represents the probability that a goal does not
appear even if the pattern indicates it. We stop at
40%, because with higher values no appearance
pattern would be generated.

– Goal ratio: ratio between the number of goals that
follow an appearance pattern and the total number
of goals. The latter is the sum of the randomly gen-
erated ones and the ones that follow a pattern. Both
numbers are computed over the whole simulation.
We test five different values: 0.7,0.5,0.3,0.2 and
0.1, corresponding to a high percentage of pattern-
based goals down to a low percentage. We fixed
the number of goals that follow an appearance pat-
tern to 100. When the ratio decreases, there are
more randomly generated goals in the grid.

– Number of goal appearance patterns that occur at
the same time step (one per cell maximum): from
one to five.

– Number of agents: only one UAV pursuing the
goals.

– Exogenous events produced by the simulator: seis-
mic activity and earth temperature. These param-
eters take values from zero to three. A volcano
eruption is correlated with high values of both pa-
rameters, i.e., it is likely to occur. The frequency
of an eruption will depend on these values and will
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be varied over the experiments to test the system’s
capabilities.

We run each simulation for T =2000 time steps. Since
some goals will be generated randomly (subset of GP
that does not follow an appearance pattern), we run
each simulation 10 times to obtain an average penalty.
We compare LGG-AP, that updates the set of active
goals with the learned goals Gt+1 = Gt ∪Gl , against
a Reactive Planning approach that only pursues the
current active goals G (not performing any update in
the set of goals due to any reasoning process on future
goals).

In the experiments the agent pays an increasing
penalty of one for each time step when a goal that has
already appeared (is active) has not been achieved. The
penalty values P obtained by each approach at the end
of the simulation depend on the number of goals. Thus,
analysis of results can be more difficult to perform. We
propose a metric that normalizes the penalty paid by
each approach. We denote this metric with P. It is com-
puted as:

P=
(Pr−Plgg−ap)

AG

where Pr is the penalty paid by the Reactive Planning
approach, Plgg−ap is the penalty paid by LGG-AP, and
AG is the number of all goals that have appeared during
the simulation. The resulting number P can be seen
as the saved penalty for each goal g ∈ AG by using
LGG-AP compared to the penalty paid by the Reactive
Planning approach. All the experiments were run on a
Ubuntu machine with Intel Core i7-4510U running at
2.00 GHz. The results are presented in the next section.

Experiments and Results

In the first experiment we modify three of the param-
eters that can affect LGG-AP: anticipation horizon, noise
in the appearance of predicted goals and the goals ratio.
We compare the performance of LGG-AP against the
Reactive Planning approach. In the second experiment
we study the performance of LGG-AP if we introduce
more than one goal appearance pattern. The third ex-
periment focuses on analyzing the concept drift capa-
bilities of our system, testing the agent’s adaptation to
new conditions, on-line learning and exploiting a new
predictive model.

Influence of Parameter Settings in LGG-AP

We begin with a one step anticipation pattern (H = 1)
with 0% of noise. Figure 4 shows a sample of the obser-
vations generated in the volcano cell. In the remaining
cells, we provided a random pattern of observations.
A pattern-based goal is only generated in the volcano
cell, when the value of the two environment features
(seismic activity and temperature) is three. In this case,
whenever a goal is generated in this cell, the value of
both variables in the previous time step was two.
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Figure 4. Sample of observations generated in the volcano cell.

Firstly, we want to test the performance of the two
approaches over time, and the results are shown in Fig-
ure 5. When LGG-AP collects enough data to build a
model, it is able to exploit it correctly by anticipating
where the goal will be generated and moving the UAV
to the potential future goal location (volcano cell). Thus,
it outperforms the Reactive Planning approach. The
agent’s performance is the same using both approaches
until LGG-AP is able to build an accurate predictive
model around the time step 350. From then on, LGG-AP
outperforms Reactive Planning in all the simulation.

We then conduct several experiments where we mod-
ify the parameters described in the experimental setting.
The results are shown in Figure 6. The difference be-
tween LGG-AP and Reactive Planning is bigger when
the predicted model is more accurate, as expected. With
0% and 20% noise levels, P increases as the goal ratio
decreases (there are more random goals), until a point
where there are many goals where most of them are
random. At this point LGG-AP performance becomes
similar to that of Reactive Planning, given that both
approaches have more opportunities (goals) to decrease
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Figure 5. Accumulated penalty of LGG-AP and Reactive Planning.
The penalty at each time step of goals is kg = 1, H = 1 and noise is
0%.

the penalty paid. Anticipating provides a smaller advan-
tage.

As the noise levels are bigger, P reaches its best value
with less goals and more percentage of them related
with the goal appearance pattern. If the goals were in-
troduced randomly without following any appearance
pattern, the learning component would not be able to
extract any model that correctly predicts goals in the
future. In these cases the goal’s set of LGG-AP and Reac-
tive Planning would be the same since the set of future
goals would be empty. Consequently, their performance
would be similar, taking into account only the current
goals.

We obtain better results anticipating the goals one or
three time steps rather than five. In this case P values
are higher when there are fewer goals. The best antic-
ipation value is closely related to the size of the grid.
The experiments show that for this particular 10×10
grid, going for the goals five time steps before their
appearance is not as good as doing it three or one time
steps before.

Even in the worst case, in which the agent learns an
inaccurate predictive model, LGG-AP performance is at
least as good as Reactive Planning, independently of
the number of goals to achieve or the number of steps
that goals are anticipated. This difference in the value
of P between Reactive and LGG-AP is very relevant,
since it denotes the difference in terms of penalty per
goal, assuming that all goals have an homogeneous
associated penalty equal to one. This is not the case in
most domains, even in the one that we are presenting
here. The real penalty related to a volcano eruption is
not the same as the one for not taking a picture of a crop

zone. In these cases, the benefit of using LGG-AP instead
of Reactive Planning would increase considerably. As
an example, in case we had an homogeneous penalty of
1000 for each goal, and 50 goals, a difference of three
(as in Figure 6) would mean a penalty of 1000×50×
3 = 150000.

Analysis of the Number of Patterns

In this experiment we study how the number of goal
appearance patterns influence LGG-AP. We introduce
from one to five volcanoes uniformly distributed over
the grid. We compare the P value fixing the previous
parameters to: 0% noise level, 0.5 goal ratio and H = 3.
The results are shown in Figure 7, which follows the
same peak behavior as the previous ones. The system is
able to capture every appearance pattern, flying to the
places where goals will appear in the future. LGG-AP
always outperforms Reactive Planning. P raises until
it reaches the best value when there are three patterns
in the grid (three volcanoes). When there are many pat-
terns, we can observe the same behavior as when there
are many goals and LGG-AP performance decreases.
But the difference with the Reactive Planning approach
is still outstanding in any case.

Ability to Handle Concept Drift

In the previous experiments we have shown that
LGG-AP outperforms Reactive Planning in terms of the
penalty they pay. In those cases, the agent learns pat-
terns that do not change over time and exploits them.
In most real world domains these goal appearance pat-
terns change and the agent should discover these new
patterns, adapting to them. This is the concept drift
paradigm [33].

To test the capability of adapting to new goal patterns,
we generate a one time step anticipation pattern in the
volcano cell and we change it to a random pattern at
time step 850. At that time step, pattern-based goals
will not appear any more in the volcano cell and pattern-
based goals will appear in the lake’s cell. The appear-
ance of goals in the lake will be correlated only with
the temperature variable unlike the previous pattern that
also depends on the seismic value.

As we can see in Figure 8, LGG-AP starts outperform-
ing Reactive Planning from the beginning of the execu-
tion. Around time step 850, when the pattern changes,
LGG-AP deteriorates its performance for a period of
time. At this point the agent is building two predictive
models in parallel: the one that suggests the appearance
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Figure 6. From left to right, top to bottom: one, three and five time steps anticipation. The x-axis represents the ratio between the number of goals
that follow an appearance pattern and the total number of goals. The y-axis represents the value of P for the different noise levels in the prediction.

of goals in the volcano area, which is starting to de-
crease its accuracy, and the new one that only predicts
goals in the lake. These two patterns conflict for a while,
leading to similar performance between Anticipatory
and Reactive planning. This occurs until the learning
algorithm discards the old pattern due to its inaccuracy
and returns a new predictive model. After time step
1200, LGG-AP is able to recover and again outperforms
Reactive Planning. There is no single moment during
the simulation in which Reactive Planning works better
than LGG-AP.

Related work

Most works in the context of goal reasoning have fo-
cused on the Goal-Driven Autonomy (GDA) conceptual
model [9,20]. A GDA agent generates a plan to achieve
a given goal together with its expectations; i.e., the set
of constraints that are predicted to hold in the partial
states generated when executing the plan. The agent

monitors the environment for discrepancies between its
expectations and its observations during execution. If
the expectations do not match the observed states or if
the current plan fails, the GDA agent can formulate a
new goal [11,23]. The first works on GDA formulated
new goals using rule-based principles, which describe
situations where specific goals should be generated [8].
These rules were hand-crafted by a domain expert.

Few works have studied the addition of learning ca-
pabilities to the agents in the goal reasoning process.
Powell et al. extended the ARTUE agent [20] with the
ability to learn goal selection knowledge through in-
teraction with an expert [25]. They framed this as a
case-based supervised learning task that employs ac-
tive learning. Unlike their approach, we do not need
the interaction with a human to formulate goals, since
we learn this ability by collecting examples from the
agent execution in an environment, that can be real or
simulated.

Without the need of human interaction, Jaidee sum-
marized some work on creating GDA agents capable
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Figure 8. Accumulated penalty paid by Reactive Planning and
LGG-AP. The goal appearance pattern changes at time step 850.

of automatically acquiring knowledge using Case-Base
Reasoning (CBR) and Reinforcement Learning (RL)
methods [19]. In this case, the problem domains are
Real-Time Strategy (RTS) games, more specifically
DOM and Wargus. Weber et al. implemented a method
that also uses CBR and intent recognition in order to
build GDA agents that learn from demonstration [32].
They applied the approach to build an agent for the RTS
game StarCraft. Molineaux and Aha employed a variant
of FOIL [27] to learn models of unknown exogenous
events in partially observable, deterministic environ-
ments and showed how they can be used by a GDA
agent [22]. They implemented this learning method in
FOOLMETWICE, an extension of ARTUE. Maynord

et al. employ TILDE [3], a relational learning algo-
rithm, to learn a decision tree for goal prediction in the
blocksworld planning domain [21]. Finally, Gopalakr-
ishnan et al. learn goals from planning traces in plan-
ning domains [17]. Our work differs from those in the
sense that they are not generating and reasoning with
possible upcoming goals, as we do. While they learn
from world states in isolation, we take into account the
time context, as we are planning with goals predicted
by an on-line learning model.

Regarding the concept of Anticipatory Planning we
are addressing in this paper, while the idea of using Au-
tomated Planning taking into account possible upcom-
ing goals comes from previously presented works [5,6],
our work differs from theirs in some aspects. While
they assume they know a priori the goal arrival distribu-
tion, we are learning it through the collection of exam-
ples from the system’s execution. Another difference is
that they use a special planner that reasons internally
with the upcoming goals distribution and its penalties.
We propose to use a classical planner, incorporating
either the current or the possible upcoming goals and
replanning when a new goal appears.

Discussion

In this paper we have presented an architecture that
allows the design and implementation of autonomous
agents with learning capabilities. Using this architecture
for a small UAV domain, we have shown that an agent
can discover opportunities and adapt its behavior as the
surrounding environment changes following a concept
drift approach.

We have gone further in the goal reasoning concept,
letting the agent not only reason with the current state
of the world but also with the possible near future. If
the agent discovers a goal before it really appears, it
can start the planning process sooner, improving its
performance.

Finally, we have enumerated the requirements that a
domain must fulfill in order to successfully apply An-
ticipatory Planning. We have presented a list of such
domains and selected one of them to perform the exper-
iments. Through a surveillance UAV domain, we have
carried out some experiments in order to discuss the
main characteristics and parameters that affect LGG-AP.
The results show that LGG-AP works, in the worst case,
as well as Reactive Planning, outperforming the reac-
tive approach in the rest of scenarios. We obtain the
best results when the agent has time to reason about the
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future goals instead of just be acting all the time. This
happens when there are many goals in the grid whether
they come from several goal appearance patterns or they
are randomly generated.

Future work

In future work, we would like to handle goals that
must be achieved on a given time because they disap-
pear, or goals with non homogeneous penalty distribu-
tion like in some real world domains. We would also
like to explore LGG-AP in the context of multiple agents,
instead of only one as we propose in this paper. These
agents could have a cooperative or a competitive rela-
tion, leading to several goal reasoning challenges and
problems.
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