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Agent-based Continuous Planning
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Abstract
The paper discusses an architecture for an agent carrying out continuous plann
which planning and execution are interleaved and agent motivations are use
generate goals. The agent may pass actions to a number of other agents for exe
The architecture is discussed in the context of the running of a water-proces
laboratory in which drinking water samples are tested.

KEYWORDS: AI Planning, Agents, Plan execution, Scheduling

1. Introduction
AI Planning technology has produced a number of powerful techniques for dea
with the sequencing of actions into a plan while coping with the vast search space
often produces [Penberthy & Weld 92, Weld 94], and it is increasingly being applie
real-world problems that are hard to solve with other KBS technologies [Aarup e
94, Chien 94, Cross & Walker 94, Trave-Massuyes & Milne 97]. However the cla
approach assumes that an agent can plan in a single phase, producing a plan
particular task which it then executes in a second following phase. While there
applications which fit this model [Tate et al 96, Aylett et al 99], there are also m
applications in which an agent must intertwine planning and execution.

For example, it may be that for an agent to establish the truth of the pre-condi
attached to an action it wants to add to a partial plan during the planning proce
needs sensor information which can only be acquired at execution time. This is
the case during robot planning [Aylett et al 91, Pryor 95] - for example, a robot mak
a plan to transport papers round an office may incorporate actions which re
knowing whether doors currently out of sensor range are open or not. Howev
higher-level reason for mixing planning with execution may be that an agent has
of tasks over time which themselves must be interleaved, so that some are
executed while other are being planned. For example, the robot just discussed m
distributing the post when it notices dirty coffee cups which need to be cleared f
offices to the kitchen and receives a message from the photocopier that stocks of
are low and it needs a few extra reams delivering.

Task interleaving is typical of an autonomous agent which is situated withi
particular environment and is able to generate goals itself in order to meet its ov
aims and objectives. Thisgoal autonomypossessed by an agent makes it rather unl
the classic AI planner which is given individual goals by a user and stops once i
achieved them. What such an agent needs iscontinuous planning,in which planning
and execution are on-going activities, the agent can generate extra goals at any
and planning is therefore never complete.

In many environments, the concept of a single agent executing all the planned ac
is also unrealistic. In the work discussed below, the target environment was tha
water processing laboratory, in which drinking water samples are tested in a varie
statutorily fixed ways to confirm their quality. Here many execution agents carry
actions in parallel, so that as well as continual planning, it is also necessary to con
indirect execution[Myers 99] in which the agent carrying out the planning delega
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execution to many other agents. This produces a further type of interleaving, sinc
consideration of which agents should carry out actions - a scheduling activity - must
also be incorporated into the planning process [Muscettola 94].

In this paper we discuss an architecture designed to provide continuous plannin
an agent by meeting the following requirements:

1. Planning and executing are interleaved

2. The planner is able to accept new goals generated by the agent at any time

3. Time passes while the agent plans and executes, so that the planner must be
reason about time

4. Actions are planned for many execution agents so that the planner must be a
reason about which agents should carry out which actions

5.It may not always be possible to achieve all current goals within the given time
that it must be possible to prioritise outstanding goals. It must also be possib
remove goals which cannot be met from the planning process along with any p
plans and constraints they required.

6. The agent has long-termmotivations,which enable it to generate goals, prioritis
them, and select the best plan to achieve them

The work described has been carried out as part of the MACTA-Lab project, funde
the Engineering and Physical Sciences Research Council, and draws on earlier
carried out in the MACTA project [Aylett & Barnes 00] also funded by EPSRC. It h
been implemented in Common Lisp on both a Sun SPARC station and an Inte
running WIN98.

2. Continuous Planning
2.1 Motivations and goals
A situated agent can be thought of as an agent coupled to its environment [Matura
Varela 87], so that changes in the environment affect its internal state and therefo
goals, and its resulting activity in turn affects the environment as well as its o
internal state. Additionally, an agent that reflects - for example through planning -
take into account the predicted state of the environment as well as its current st
formulating its goals. In the architecture discussed here, these contextual effec
encapsulated in the termmotivations, which can be seen as the root of the over
architecture in Figure 1.

Motivations can be thought of as long term aims or objectives, or as drive
emotional states [Canamero 97], depending on the domain. For example, an age
virtual environment might havehunger, tirednessand curiosity [Aylett 99] as its
motivations. Motivations have an associated weight which often changes over tim
provides a driving force directing the generation of goals to satisfy the motivation
hunger increases, the goal of finding food will be generated, so that at some p
planning activity will be stimulated to meet this goal. On the other hand, if the ag
has just eaten, this motivation will not be powerful enough to generate a goal, allo
curiosity to generate a goallocate-interesting-object for example. The weight
attached to the motivation is also passed on to the goals that it generates, so that
weight attached tohunger will produce a high-priority goalhave-food .
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Motivations also allow an agent to evaluate the plans it generates to achieve its
and to choose between alternative plans. For example, a plan tohave-food that
involves an agent walking to the shops to buy a sandwich may conflict with
tirednessmotivation and result in an alternative plan involving frying an egg from
box in the fridge.

The examples given of motivations may appear less relevant to industrial domain
However, one can identify appropriate domain-specific motivations depending on
application. For example, in the case of a water-processing laboratory, one might
the motivationdeal-with emergencies, which would gain a high weighting if an
outbreak of cryptosporidium (a small water-dwelling organism that causes illness
imbibed) takes place. This would produce a high-priority goal to test samples
associated with it. One might also have the motivationbalance-load,which would lead
to the formulation of goals spreading samples out across equipment rather than
overloading one particular testing station.

Motivations are represented in the current architecture by a set of tuples{name,

weight} , one for each motivation. The repertoire of actions available to the age
held in a knowledge base and indexed by a hashtable which links the name of
possible action and its parameters to the motivations that it supports or underm
The contribution of an action to motivations is represented by two sets: thepros and
cons. Each set consists of tuples{name strength} , in the case ofpros giving the
names of motivations and the degree to which the action supports them, and in th
of cons the motivations and the degree to which the action undermines them.
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A simplifying assumption has been made in the algorithm below as it applies to
updating of motivations. This is that motivations are updated - and new goals
generated - only after an action has been executed. This reduces the computa
overhead of carrying out an update with potentially far-reaching consequences
allows thepro or con effect of the executed action to be directly fed back into t
motivations to which it relates.

More realistically, one could assume that other autonomous agents in the environ
might also perform actions which would impact the motivations of the planning ag
This would require it to be equipped with perceptual actions, organised by
attentional mechanism, which would search for changes in the environment that m
affect its motivations. However this is left to further work, and we assume in
current architecture that the agent's own actions are the cause of changes
motivations through their effects on the environment.

2.2 Representations
The previous section discussed motivations; here we outline the way in which
actions and goals  involved in planning and execution have been represented.

While in many respects a standard representation going all the way back to
STRIPS planner of the 1970s, actions include the contribution to the ag
motivations discussed above. An action also specifies which agent - or agents
required to execute it, in order to support the allocation of agents to actions for ind
execution, also mentioned above. Finally, thegoals field enables the planner to kee
track of dependencies, so that goals and all the actions which support them m
removed from the plan,

Associated with each action as it is inserted into a partial plan is a further struc
called anode.

Table 1: Action Format

id a unique identifier

type specifies whether an action or an event is represented

name gives the name of the action and its parameters: e.g. movebottle (
?fm, ?to)

agents the set of agents required for execution; e.g. (human ?h) or (robot

precond which facts must be true for the action to be executed

add facts which become true as a result of executing the action

delete facts true before execution but no longer true after execution

pros a set of {name strength} tuples for motivations supported by action

cons a set of {name strength} tuples for motivations undermined by act

goals a set of goal IDs for goals generated by goal generator to which th
action contributes
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Table 2 - Node format

Nodes can be associated with goals (and with events) as well as with actions
record information used both in planning and in execution. In particular theeffort

field indicates the cumulative effort expended in achieving a main overall goa
goals. If the node is associated with such a goal, then theeffort indicates the amount
of work involved in selecting the actions and constraints which, once executed,
that goal. If the node corresponds to a subgoal, an action, or an event, theeffort

indicates the amount of work expended in achieving the goal to which the sub
action or event contributes.

Thewindow andduration fields are used to reason about time. Again, their mean
depends on whether the node is associated with an action or with a goal. If an a
then thewindow indicates the time range in which the action must start executing,
the duration how long it is expected to take to execute. If a goal, then thewindow

refers to the time range in which the goal must be achieved, and theduration to the
length of time it must remain true.

Goals may be produced in this architecture in three ways. Firstly, the goal gene
may create goals in response to the agent's motivations, as discussed above. Se
a goal may be generated as a subgoal by the planning process itself - when an ac
inserted into a partial plan in order to achieve some desired active goal
preconditions are added as subgoals to be achieved, oropen conditions. Finally, the
recovery component of the architecture in Figure 1 generates goals or subgoals
are to be reachieved when executing an action does not have the desired effects

Table 3 - Goal representation

In Table 3, the goals added as open conditions during planning only have the first
fields in representation shown. Because they are derived from an act
preconditions, the node associated with the action is inherited by the goal and con
the information in the latter four fields of Table 3. In addition, the ID of an op
condition is the same as the action from which it is derived, allowing such goals t
tied to the action which produced them.

2.3 The main algorithm
The high-level algorithm for the planning system is as follows (read in conjunc
with Figure 1) and will be discussed below:

while agent active
do

id node identifier: same as the ID of the action or goal it is associated
type :action, :event , or :goal depending on which the node is associated
importance of the node's corresponding action or goal (low = more important)
effort amount of work expended (see discussion below)
window earliest and latest start times
duration how long associated goal or action takes

id goal  identifier
type :goal or :subgoal
condition a predicate representing the goal or open condition
importance of the goal
effort amount of work needed to achieve a main goal
window earliest and latest times for goal achievement
duration how long goal must remain true
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Select best partial plan
Select between goal or action to execute
If goal selected
then

generate new partial plan
else /* executing action */

execute action
determine outcome
update plan
update motivations
generate goals
retract old partial plans
update clock

endif
endwhile

Choosing the best partial plan simply involves taking the plan at the head of the se
space of partial plans, which is composed of a set of (plan, value) tuples ordered on
the basis of value. Values are calculated in relation to the motivations supported b
actions in the partial plan.

In order to select between planning to meet a goal or executing an action,
necessary to pick the best goal from the set of goals to be achieved and to dete
which actions are currently ready to be executed. Goals are evaluated according
importance, effort and deadline associated with each. High importance is
explanatory. High effort suggests that the agent has already invested in
achievement of the goal and may suggest that the goal is some way to being ach
For both these reasons the goal should score more highly in the selection pro
Finally, goals with an imminent deadline should be preferred to those with a sla
time constraint.

An action is ready to execute if it is first or joint first in a partial plan, if all i
preconditions are true in the current state and if the current time falls within
execution window. Its value is calculated in the same way as for a goal - by summ
its importance, effort and deadline fields. Thus it is straightforward to compare the
goal and the best action ready for execution in order to determine whether to plan
execute on the current cycle.

Planning takes place if a goal was selected, and a new partial plan is added to t
currently available for execution unless it proves impossible to meet the goal a
When the plan has been produced, deadlines are estimated for all of its actions,
on the start/end times and durations recorded there. The approach is based on
[Vere 83]. The plan is then checked to see if there is enough time to meet all o
goals. If not, the current system offers the user the opportunity to edit the pla
change the time constraints, and if this is not taken fails the plan and removes the
it was trying to meet from the active set. Otherwise the goal is removed from the a
set (as the plan will meet it when it executes) and the plan is added to those u
consideration.

2.3.1 Executing an action.
Execution takes place if an action was selected rather than a goal. The acti
dispatched to the execution agent, which in the current system involves send
message down a socket to a discrete event simulator (DES) holding a representa
the water processing laboratory. The DES responds with a message stating the
and the state of the world after execution. In other environments, detecting the st
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the world after execution might involve sensing actions by the agent, or in dom
where execution is widely delegated, messages from individual execution ag
reporting their sensing of the resulting state of the world. In order to sup
debugging, there is also a facility to allow these values to be entered manually.

If execution does not return the expected state - the outcomes held in theadd and
delete list of the action - then the state returned is examined to see if it violates l
in the plan to which the action belongs. If so, then these links are converted into g
- they represent goals which should have been achieved but now have to be achie
some other way. These goals are added back to the partial plan to which the a
belonged, which is also updated to remove the executed action. Thus replanning
integral part of the planning and execution process since these goals will require
planning activity and the subsequent actions that depended on them will no
executable until this has been done.

Following execution, the agent's motivations are updated to reflect the changes
world. If the action has been successfully executed, thepros andcons fields can be
used to perform this update, though as suggested above, a more sophisticated s
would involve perceptual actions by the agent. How – or whether – motivations sh
be updated if an action fails has not yet been investigated. Again, a facility to e
new motivation values manually has been provided for debugging.

Next, new goals are generated. In the water processing lab, a new goal is provid
the arrival of more samples to process, which can be modelled as a stochastic ev
the DES. In a more complex scenario, one might have machine maintenance or
events also. Having generated new goals, all previous partial plans in the search
are thrown away as the world model they assumed as their initial state may no lo
correspond to the world after the execution of the action. This is of cours
simplifying assumption: it would be better to check the changes in the world aga
that assumed by each plan and only jettison those plans for which the start state
has been violated, but this complexity remains to be tackled.

Finally, in the current version, the clock is updated to reflect the amount of time ta
to execute the action. A future version supporting asynchronous interaction bet
the components of the architecture might lead to modification of this part of
algorithm.

3. The Water Processing Laboratory
Figure 2 gives an overview of the activity of a water processing laboratory, whic
carried out under the supervision of a Laboratory Information Management Syste
LIMS, a conventional software package organised around a database. The conti
planning system discussed above can be thought of as an intelligent LIMS.

The process is driven by a customer request, which in the case of drinking w
samples would normally be a water supply company. Indeed, water proces
laboratories were originally an integral part of water authorities, but privatisation
led to the creation of independent laboratories. Many still derive the majority of t
business from the water supply company with which they were originally associa
but are diversifying fairly rapidly. Many customer requests are routine – there
statutory daily regime for the testing of drinking water – but one-offs and emerge
requests are becoming more common
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A customer request normally leads to the dispatch of containers for sample colle
in the field – these may contain specialised preservative chemicals in some cases
testing can be planned from the time the request comes in, but with deadlines us
at least a day in the future. This might not be the case if there was an emerg
request however – for example suspected cryptosporidium contamination, as al
mentioned, or disasters such as the aluminium sulphate contamination in Camelf
the 1990s. Samples arrive in multiple bottles, depending on the number of tests
carried out; up to 23 have been noted during investigations.

Sample preparation is carried out in the individual sections within the laboratory,
depends on the test being carried out. For example, if testing for organic contam
a solvent such as pentane may be used in order to extract the contaminant. The p
is then evaporated off until only the contaminant remains. Alternatively, the samp
sucked through a tube (using vacuum pumps) containing solid phase powder w
removes the contaminant. A solvent is used to extract the contaminant from
powder.

Sample testing involves a variety of equipment and processes depending on th
Many tests require a batch of fixed size – say 20 samples – so that number has
through sample preparation before the batch can be tested. Samples may be tes
a wide range of organic contaminants, for metals contamination, and for phy
characteristics such as pH, true colour, turbidity and conductivity. In some c
sample handling is carried out by human staff, and in others, where testin
automated, by robots. The results of tests are collected, and dispatched back
customers, with email and the web playing an increasing role.

It is this process which is being modelled in the Discrete Event Simulator, wh
serves both as an execution system and as a model of the real-world for the conti
planning system. The DES can be used to implement scenarios with variable cus
orders, variable execution times, and unexpected events such as machine outag
agent’s planning system is coupled to the DES using sockets, and the execution a
are represented by the humans and machines defined in the DES scenarios.

4. Conclusions and further work
We have discussed here the representations and high-level algorithm needed to g
agent the ability to carry out continual planning. The water processing labora
represents an interesting test bed for this type of planning since by definition its w
is never finished and planning and execution are naturally interleaved. To the e
that the LIMS drives the laboratory, the concept of indirect execution is alre
applied, though the LIMS has no ability to deal with anything other than the expe
sequence of events. Generative planning, if combined with time managemen
resource allocation as discussed above, is capable of dealing far more flexibly wit
variation of work load that is increasingly becoming the rule as laboratories dev
more diverse customer sets and look for new services to offer.

However the system presented above, though developed for a laboratory doma
generic and capable of much wider application. It gives an agent the ability to com
reflection with reaction and planning with acting, as well as to delegate execu
activity to other agents. The concept of motivations provides a potential link betw
symbolic reflective abilities and a non-symbolic system running at a lower level wi
an agent which could be applied to a robot agent or to an agent operating in a v
environment [Aylett 99].
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