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SUMMARY
Planning systems have been an active research topic within Artificial Intelligence for over two decades.

There have been a number of techniques developed during that period which still form an essential part of
many of today's planners. This paper introduces the techniques, attempts to classify some of the important
research themes in AI planning and describes their historical development.

There has been a recent surge of interest in planning systems at both the research and applications levels.
This paper should act as a brief introduction to the large volume of literature on the subject. An extensive
bibliography is provided and cross-referenced throughout the text.

1. INTRODUCTION

General purpose planning systems which can automatically produce plans of action for execution by robots
have been a long standing theme of AI research. A large number of techniques have been introduced in
progressively more ambitious systems over a long period. There have been several attempts to combine the
planning techniques available at a certain time into prototypes able to cope with realistic application
domains.

Planning research has often built on earlier work. There have usually been full written accounts of the
techniques employed in a form that could be abstracted out from the application domain and re-
implemented or incorporated in other systems. A "tradition" of using a simple block stacking domain for
examples has aided comparison and improved understanding (though today's more sophisticated planners
barely show their true worth on these simple problems). Several researchers have used a set of problems to
facilitate efficiency comparisons between the various systems, so introducing a (mildly) competitive spirit
into the production of realistic prototype planners.

Planning research involves many of the areas of principal concern to AI:

— Search and choice making
— Knowledge Representation
— Learning

In this respect planning is a useful forcing ground for general techniques developed in other sub-fields of AI
as well as being a generator of techniques itself. Planning also introduces its own problems:

— Representing and reasoning about time, causality and intentions
— Uncertainty in the execution of plans and dealing with the "real world"
— Sensation and perception of the "real world" and beliefs about it
— Multiple agents who may cooperate or interfere
— Physical or other constraints on suitable solutions

Planning also has some features in common with many other Expert Systems applications (as well as the
general areas of search control and knowledge representation):

— Need to justify solutions
— Knowledge elicitation

Planners have been applied to a variety of application domains (as well as the simple exploratory domains
such as block stacking). A selection is shown in Table 1
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Table 1: Applications tackled by Knowledge-based Planning Systems

Domain

Robot Control
Simple Program Generation
Mechanical Engineers Apprentice Supervision
House Building and Elect. Turbine Overhaul
Experiment Planning in Molecular Genetics
Journey Planning
Job Shop Scheduling for Turbine Production
Aircraft Carrier Mission Planing
Naval Logistics
Voyager Spacecraft Mission Sequencing
Planning conversations
etc.

Planner

STRIPS [22]
HACKER [71]
NOAH [59]
NONLIN [74]
MOLGEN [69]
OPM [30]
ISIS-II [25]
SIPE, AIRPLAN [88][43]
NONLIN [77]
DEVISER [78]
KAMP [ 2]

Plans have also been used as a basic data structure in other areas of AI such as:
— Story understanding [62] [83]
— Speech and text generation [48]
— Office systems modelling [21]

Figure 1 shows many of the major planning systems developed in AI and how they relate to one another. No
attempt has been made to add planners developed in the last year or two to the diagram since they often
draw on techniques from many of the systems shown. It is convenient to survey the field on the basis of areas
of interest rather than chronologically, since many themes recur. A bibliography is attached to this paper to
act as an entry point to the literature.

2. SEARCH SPACE CONTROL

A planner is organised so that it defines a search space and then seeks a point in that search space which is
defined as a solution. Planners differ as to how they define their search space. Some (most of the pre-1975
planners) define points in the search space as "states" of the application's world at various times. This "state
search space" can be traversed by applying any applicable operator to any state leading to a different point
in the search space. A problem solution can be defined as the sequence of operators that can traverse the
search space from some initial state to some state defined as meeting the goal criteria.

Other (most of the post-1975) planners define points in the search space as partially elaborated plans. One
point in this space is transformed into another by applying any applicable planning operation such as the
expansion of an action to a greater level of detail, the inclusion of an additional ordering constraint between
actions to resolve some interaction, etc.. Given some initial (skeleton) plan defining a point in this "partial
plan search space", a set of decisions has to be taken which lead to a fully detailed plan that meets the goal
criteria and various constraints.

Many search control methods are aimed at reducing the initial search space defined by the planner. Other
techniques are then geared towards choosing a path through the search space that leads as quickly as
possible to a solution.

State Space Search

Early approaches to planning sought to apply legal "moves" to some initial state to search for a state
that satisfied the given goals. There was a great deal of overlap with game playing work. Heuristic
evaluation functions were employed to rate the various intermediate states produced to estimate their
"closeness" to a goal state (e.g., in the Graph Traverser [12]).

State space search is often used to control the selection of alternatives in other search strategies, but is
not often used for search in the actual problem space in general planners today.

Means-ends Analysis
To reduce the number of intermediate states considered, only those operators or activities that can
satisfy some outstanding goal may be considered. These in turn can introduce new (hopefully simpler)
sub-goals. This was introduced in GPS [51] and used in many later systems.
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Search Reduction through Least Commitment/No Alternatives Considered

Some systems, especially ones which introduced important new techiques, did not search through the
possible alternatives at all (e.g., NOAH [(Sacerdoti, 1977]). Selections were made on the basis of the
information available locally and then a commitment to that solution path was made. Of course, this
often means that some problems could not be solved. However, since these systems were often
demonstrated on particular applications for which a technique was most appropriate, the search was
often successful at arriving at a solution directly.

Very often, techniques demonstrated in isolation in such a way were incorporated in later planners that
could search alternatives and use the method alongside others depending on its relevance.

Depth-first backtracking

A simple method of considering alternative solution paths (especially when there are only a few to
choose from due to the use of means-ends analysis, etc.) is to save the state of the solution at each point
at which there are alternative ways forward and to keep a record of the alternative choices. The first is
chosen and search continues. If there is any failure, the last choice point saved state is restored and the
next alternative taken (if there are none, "backtracking" continues up one more level). Simple stack
based implementation techniques can be used for this process (e.g., in STRIPS [22]).

Beam Search

A search method which considers all possible solutions so that they can be compared. Such a method is
normally used when tight search space constraints are known and hence the solution space is expected
to be small. It is also normally employed along with other heuristic search methods so that a heuristic
choice can be of the "best" solution found amongst the solutions to some sub-problem which have been
proposed by a beam search (e.g., in ISIS-II [25]).

One-then-Best Backtracking

Since there is often good local information available to indicate the preferred solution path, it is often
appropriate to try the best choice indicated by local heuristic information before considering the many
alternatives that may be available should the local choice prove faulty. Taken to the extreme, depth-first
search gives something of the flavour of such a search strategy. However, gradual wandering from a
valid solution path could entail backtracking through many levels when a failure is detected.

An alternative is to focus on the choice currently being made and try to select one of the local choices
which seems most promising. This continues while all is going well (perhaps with some cut-off points to
take a long, hard look at how well things are going). However, if a failure occurs, the whole set of
alternatives which has been generated (and ranked by a heuristic evaluator) is reconsidered to select the
re-focussing point for the search (e.g., in NONLIN [74]).

Dependency-Directed Search

It is well known that any backtracking system based on saved states and resumption points (whether
depth-first or heuristically controlled) can waste much valuable search effort. There may be several
unrelated parts to a solution. If it so happens that backtracking on one part has to go back beyond
points at which work was done on an unrelated part, all effort on the unrelated part will be lost.
Examples of work that has explored this important area includes Stallman and Sussman [67], NONLIN
+Decision Graph [7], and MOLGEN [69] to some extent.

Some systems do not keep saved states of the solution at choice points. Instead they record the
dependencies between decisions, the assumptions on which they are based and the alternatives from
which a selection can be made. They then use methods of undoing any failure by propagating the
undoing of all dependent parts of the solution. This leaves unrelated parts intact irrespective of whether
they were worked on after some undone part of the solution.

Opportunistic Search

Some systems do not take a fixed (goal-driven or data-driven) directional approach to solving a
problem. Instead a current "focus" for the search is identified on the basis of the most constrained
operation that can be performed. This may be suggested by comparison of the current goals with the
initial world model state, by consideration of the number of likely outcomes of making a selection, by
the degree to which goals are instantiated, etc.. Any problem solving component may summarise its
requirements for solution as constraints on possible solutions or restrictions of the values of variables
representing objects being manipulated. They can then suspend their operation until further
information becomes available on which a more definite choice can be made, (e.g., MOLGEN [68])

Many such systems operate with a "blackboard" through which the various components can



The Knowledge Engineering Review

communicate via constraint information (e.g., HEARSAY-II [ 17] and OPM [30]). The scheduling of the
various tasks associated with arriving at a solution may also be dealt with through (an area of) the
blackboard.

Meta-level Planning

There are a number of planning systems which have an operator-like representation of the different
types of operations that a planner can perform. A separate search is made to decide which of these is
best applied at any point before decisions are taken about the details of the particular application plan
being produced (e.g., MOLGEN [69] and Wilensky [84]). This technique is often used in opportunistic
planners.

Distributed Planning

Some systems have gone further in distributing the sources of problem solving expertise or knowledge.
They allow fully distributed planning with the sub-problems being passed between specialised planning
experts. The use of the experts or the types of things they can do may be controlled through centralised
blackboard and executive (with a system rather like priority scheduling of parallel processes) or may be
controlled in a more distributed fashion via pairwise negotiation. Examples of relevant work include
Smith's [65] Contract Net, Corkill [5], Kornfeld [37], Konolige and Nilsson [36], Georgeff [26], CorkiU
and Lesser [6].

Work is underway to interleave the time spent planning, sensing the state of the world to gather
information, and execution (e.g., Doran and Trayner [13], Drummond [15]).

Pruning of the Search Space

Besides the basic methods of reducing the search space by selection of relevant operators in means-ends
analysis, many other methods of reducing the search space size have been employed in planners. Some
are identified here:-

— by considering "higher priority" goals first in hierarchical planners (e.g., ABSTRIPS [57] and
LAWALY [64], See below.

' — by detecting and correcting for interactions in an intelligent fashion (e.g., Waldinger [88] with
Goal Regression and in INTERPLAN [72], NOAH [59] and NONLIN [74]). See section 4 below.

— by using applicability conditions and other information restricting ways that goals can be satisfied
(e.g., "Typed Preconditions" in NONLIN [73], DEVISER [78]).

— by rejection of states or plans that are known to be impossible or in violation of some rule about the
state or plan (e.g., WARPLAN [81] "IMPOSS" statements and Allen and Koomen's [1] "Domain
Constraints").

— by checks on resource usage levels, time constraints on actions, etc. (e.g., NONLIN [77],
DEVISER [78] and SIPE [88]).

3. HIERARCHY/ABSTRACTION LEVELS

The order in which conjunctive goals are tackled can have a marked effect on the efficiency of the search
process for a solution. In some linear planners, it can make the differences between finding a solution and
looping round on the same goals repreatedly or getting solutions with redundant steps. Some approaches to
ordering the various goals involve separating the goals into levels of importance or priority (the more
abstract and general goals being worked on first and the more concrete or detailed levels being filled in later).

Strict Search by Levels

The early hierarchical systems (e.g., ABSTRIPS [57], LAWALY [64], NOAH [59]) formed a solution at
the most abstract level and then made a commitment to this solution. The lower levels were then
planned using the pre-set skeleton plan formed at the upper levels. No backtracking to the higher levels
was possible.

Non-strict by Levels

Later systems (e.g., NONLIN [74]) treat the abstraction levels as a guide to a skeleton solution, but are
able to re-plan or consider alternatives at any level if a solution cannot be found, or if problems with
part of a solution indicate that a higher level choice was faulty.

Opportunistic by Levels

Other hierarchical systems use the abstraction levels as one guide to the ordering of goals, but have
other mechanisms that can be considered alongside this. Some systems are able to determine when a
particular choice (at whatever level) is sufficiently constrained to be a preferable goal to work on at any
time (e.g., MOLGEN [70]).
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4. GOAL ORDERING AND INTERACTION DETECTION AND CORRECTION

Planners can be split into two basic types with respect to the way that they tackle conjunctive goals. The
"linear" planners make the "linearity assumption" — that solving one goal and then following it by the
solution to a subsequent goal is often successful because the solutions to different goals are often decoupled.
The "non-linear" planners take a "least-commitment" approach by representing a plan as a partially
ordered network (a graph) of actions and goals and only introducing ordering links between actions or goals
when the solutions demand this.

In both types of systems, the solutions to one goal may interact with the solutions to the others. Planners can
be categorised by their ability to detect and in some cases correct for the interactions.

Linear — Interactions Ignored
If the separate sub-goals are solved sequentially and then a simple check made to see if the conjunction
of goals then holds (e.g., in STRIPS [22]), this can lead to mutual goal or subgoal interference which at
best can lead to redundant actions in the plan and at worst may get the planner into an endless cycle of
re-introducing and trying to satisfy the same goal over and over again.

Linear — Interactions Detected

In early systems that recognised the importance of detecting "bugs" with the "linearity assumption"
(e.g., HACKER [71]), corrections were attempted by backtracking to points where alternative goal
orderings could be tried (as part of the overall search space). This could solve some types of problems.

Linear — Interactions Detected — Corrected by Action Regression
One method of correcting for detected interactions is to allow the interfering action (just being
introduced to satisfy some goal) to be placed at different (earlier) points in the partial linear plan until a
position is found where there is no interaction (e.g., WARPLAN [81]). Unfortunately this can lead to
the inclusion of redundant actions since the action may not be necessary (or may not be the best choice)
when moved earlier in the plan.

Linear — Interactions Detected — Corrected by Goal Regression
The problem of regressing the actual action chosen to satisfy a goal back through the plan to correct for
an interaction can be solved by regressing the goal itself when an interaction with some particular
solution fails (e.g., Waldinger [80]). This has the advantage that redundant actions are not included if
the goal is already solved at some earlier point in the plan.

Linear — Interactions Detected — Corrected by Analysis
A technique called "Goal Structure" was introduced in INTERPLAN [72] to record the link between
an effect of one action that was a precondition (subgoal) of a later one. This representation is additional
to the ordering links between the actions themselves (as some actions have effects that are used much
later in the plan). Sussman [71] referred to this as the "teleology" of the plan.

Interactions are detected as an interference between some new action or goal being introduced and one
or more Goal Structure ranges (originally called "Holding Periods" in INTERPLAN). A table called a
"ticklist" was built to represent the relationships between actions and the goals they achieved for later
points in the plan. A minimum set of goal reorderings (called the "Approach") could be suggested that
corrected for the interactions found. This considered fewer reorderings of the given goals and subgoals
than the regression methods.

Non-linear — Interactions Detected — Limited Correction

The first non-linear planner, NOAH [59], incorporated procedures called "critics" which were used to
search for interactions between parts of the plan. It used a Table of Multiple Effects (TOME) to aid in
discovering the interactions. The TOME was modelled on the concept of Goal Structure as it appeared
in INTERPLAN. Once detected, NOAH could correct for interactions in a limited way suited to the
applications it was employed on. This was primarily due to the limitation in NOAH that no alternatives
could be considered — the best choice was committed to at each stage.

Non-linear — Interactions Detected — Corrected by Analysis

The detection of interactions by analysis of the underlying "Goal Structure" was added to a non-linear
planner, called NONLIN, modelled on NOAH. The combination in NONLIN [74] was more effective
than its earlier use in the linear INTERPLAN system. In NONLIN, the minimum set of orderings
necessary to resolve any interaction could be suggested by the introduction of ordering links into a
partially ordered plan only when this became essential. The NONLIN system could consider
alternatives if failures on any chosen search branch occurred.
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Similar analyses of a representation of the effect and condition structure of a plan to detect and correct
for interactions have been included in PLANX-10 [4], SIPE's "Plan Rationals" [88] and Dean's TNMS
[10].

Non-linear — Interactions Detected and Corrected — Time Limits Handled

When individual goals or actions in a plan have time constraints on when they can be satisfied or
performed, the detection and correction of interactions must be sensitive to the temporal displacement
introduced (e.g., in DEVISER [78]). This normally further limits the number of legal solutions that can
be proposed. There may also be a need to link the plan to externally events (beyond the control of the
planner and possibly occurring at pre-specified times). The DEVISER system added such capabilities
to a NONLIN-like planner.

Non-linear — Interactions Detected and Corrected — Resoures Handled

The treatment of objects being manipulated as scarce resources on which usage conflicts occur and need
to be avoided was incorporated in the MOLGEN [69] and SIPE [88] planners.

5. PLANNING WITH CONDITIONALS AND ITERATORS

Most of the search space control techniques, goal ordering and interaction correction mechanisms
developed in AI planners to date have been orientated towards the gerferation of plans which are fully or
partially ordered sequences of primitive actions. However, there has been some effort on the generation of
plans which contain conditionals ("if... then ... else ...") and iterators ("repeat... until...").

Black Box Approach to Conditionals and Iterators

A conditional or iterator which can be modelled as a single entity and for which the differences between
the multiple paths or the individual loops are not important can be handled by many of the planning
systems and techniques already described. NOAH [59] explicitly dealt with such packaged conditionals
and iterators. SIPE [88] was able to deal with iteration which repeated a planned action sequence on
each member of a set of parameters (which could be objects or points on an aircraft flight trajectory).

Conditionals: Branch and Case Analysis

Conditionals were handled in WARPLAN-C (Warren [82]) by branching the plan at the conditional
and performing separate planning on the two branches using the assumption that the statement in the
conditional was true in one branch and false in the other. This lead to a case analysis of the separate
branches to produce a plan that was tree-structured.

Conditionals: Branch and Re-Join

There has been relatively little work in the mainstream AI planning literature which has attempted a full
treatment of conditionals which can branch and re-join later in the plan and for which the black box
approach was not sufficient. However, work on automatic programming and theorem proving has
comsidered this area. See, for example, Luckham and Buchanan [42] and Dershowitz [11]. The latter
reference has an extensive bibliography of papers on automatic programming and shown how AI
planning research overlaps with this work.

Formal Models of Plans and Actions

Plan representations and formalisms which are more powerful than the orderings-on-actions basis of
many AI planners are now being explored. For example, petri-nets (Drummond [15]), formal models of
processes, actions and states (see section 7 of this paper), etc.. Some of these allow for the representation
of and reasoning about iterative and conditional statements in plans.

6. TIME AND RESOURCE HANDLING

It is becoming increasingly important in planning systems to perform in realistic domains where resources of
various types are limited. Also, planners are being used in domains where time considerations and matters
beyond the control of the planning system itself must be accounted for. Several systems have explored this
area.

Compute Time and Resource Usage

In a project planning domain, NONLIN [73] maintained information about the durations of the
various activities and used this to compute earliest and latest start times for each action. A critical path
of actions could be found. A "cost" measure could also be kept with each activity. This information was
used in an extension to the NONLIN planner that could selectively remove costly activities or lengthy
activities from a plan and replace them with others that either reduced the cost or the duration
depending on the limitation that was exceeded [7]

10
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More recent work on NONLIN (Tate and Whiter [77]) has added the capability of representing multiple
limited resources and making selection from appropriate activities on the basis of reducing some overall
computed "preference" between them.

Objects as Resources

SIPE [88] is able to reason about competing demands for the use of scarce objects (such as a ladder or a
key). An analysis of the objects used and returned by actions, or objects "consumed" by them, can be
used to linearize the plan to prevent usage conflicts.

Event and Time Specifications for Actions

DEVISER [78] allows a "time window" to be specified for any goal or action. External events can be
described as having some effect at a particular time. The planner propagates the temporal links between
these time windows, progressively narrowing them as they become constrained by other actions. It can
detect when some plan step prevents a goal from being achieved or an activity from being executed at
the required time. In such a case, backtracking will consider alternative solutions.

AIRPLAN (Masui, McDermott and Sobel [43]) was able to reason about time intervals and how
actions suggested in them could interfere, etc..

O-Plan (Open Planner Architecture) (Bell and Tate [31]) the successor to NONLIN, uniformly
represents time constraints (and resource usage) by a numeric (min, max) pair which bound the actual
values for activity duration, activity start and finish times, and delays between activities. The actual
values may be uncertain for various reasons such as the plan being at a high abstraction level, not having
chosen values for objects referred to in the plan, uncertainty in modelling the domain, etc.. Constraints
can be stated on the time (and resource) values which may lead to the planner finding that some plans
are invalid.

Flexible Time Handling

Very much more flexible handling of the propagation of temporal constaints between the steps of a plan
is being considered in the widespread research effort on temporal logic (e.g., McDermott [46], Allen and
Koomen [1], etc.).

Soft Constraints

ISIS-II [25] allows a wide variety of constraints on the problem to be specified. Some of these can be in
the form of preferences or "soft" constraints which are used to guide the search for acceptable solutions.

7. DOMAIN REPRESENTATION

Many AI systems have introduced formalisms or constructs for capturing the information about the
application domain and for making knowledge available to a planning system. Once again, later systems
have often built on the best aspects of earlier efforts.

Differences

The early means-ends analysis systems selected appropriate operators to apply to a problem by
considering the "differences" between the goal state and the initial state. The General Problem solver
(GPS [51]) associated the operators for the problem with the "differences" they could reduce.

Add/Delete/Precondition Lists

Using ideas from problem solving in a "situational calculus" (McCarthy and Hayes [44], Green's QA3
[28]) and the notion of differences from GPS, STRIPS [22] took the assumption that the initial world
model was only changed by a set of additions to and deletions from the statements modelling the world
state (everything else remaining unchanged). This is called the "STRIPS assumption". STRIPS then
defined an operator as having an add-list, a delete-list and a preconditions-list (to state the applicability
or sub-goaling conditions). Operators could be selected on the basis of goals which occur on their
add-lists (statements added to the world model).

Abstraction Levels on Goals

The hierarchical systems introduced the ability to specify the abstraction or criticality levels of the
various statements that could be made about a world state (e.g., ABSTRIPS [57], LAWALY [64]).

Partial-orders on plan parts in hierarchical planners

The first non-linear planner, NOAH [59], allowed plan steps to be kept in parallel until some cause was
found to linearise them. NOAH had procedurally specified "SOUP" (Semantics Of User's Problem)
code to introduce appropriate methods of achieving goals or orderings to correct for interactions into
the network of actions.
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Declarative partial-order representation

Later planners introduced declarative representations for operators in extensions of the STRIPS
operator type of formalism (e.g., NONLIN's Task Formalism [74] and SIPE Notation [88]). As well as
add, delete and precondition lists, an "expansion" of the operator to a lower level of detail could be
specified as a partial order on suitable sub-actions and sub-goals.

Intent of plan steps

Some systems distinguish between ordering relationships on actions and the purpose of each action or
goal with respect to the other parts of the plan at which they are required. Such information was first
made available through the STRIPS "triangle tables" [23] to aid in re-use of parts of plans in new
situations. In HACKER [71], the information is kept as protection intervals (Sussman used the term
"teleology") and was used to detect "protection violations" which led HACKER to consider alternative
ways to perform a task being tried. In INTERPLAN [72] and NONLIN [74] [76] such information
(called "Goal Structure") was used to be more precise about interaction detection and aided in
suggesting the corrections (for this, "typed conditions" could be stated in an operator description).
PLANX-10 [4] has internal structures similar to Goal Structure. SIPE's "Plan Rationale" [88] is a more
limited version that reflects only the main outcomes of given actions.

Typed Preconditions

There is often a distinction between applicability conditions for an operator and sub-goals to be
introduced to enable the operator to achieve its purpose. AI languages used for planning have
recognised this distinction by providing two types of goal statement (e.g., in POPLER [94]). NONLIN
[74] and DEVISER [78] allow this same distinction between goals which are simply to be checked if they
already hold and goals that can cause further introduction of operators and sub-goals.

NONLIN introduced other condition types, as well as those mentioned above, to reflect internally
managed goals and actions within the control of a particular operator's "manager" ("supervised") and
those beyond the manager's control ("unsupervised"). These different types of condition are useful in
differentiating between the various methods by which goals can be satisfied and enabling the system to
recover from planning failures in more appropriate ways.

Resources

The definition of shared objects as resources and the declaration of the use of such resources in
operators was provided in SIPE. The declaration of multiple consumable resoures, their limitations and
preferences as to which should be minimised in solutions has been added to NONLIN. DEVISER can
also handle consumable resources (such as fuel).

Time Windows and Events (e.g., DEVISER [78])

DEVISER has provided a method for specifying a time window on goals and activities. External events
and their time of occurrence can also be given. Delayed events (caused some time after a planned action)
can be specified.

Property inheritance

Some planning systems make use of extensive knowledge representation schemes that can express the
type of objects and the properties that instances of the types can inherit (e.g., SIPE [88] and PLANX-10
[4]). This can significantly increase the size of problems that can be tackled.

Action Logics and Formal Models

Formal models of actions, processes and states have been a recurring theme of AI work and this has
impacted on AI planning work. Some of the work has its roots in process models and Finite State
Automata. The majority of the AI planning techniques reviewed in this paper are most suited to
planning for discrete activities. Some of the work on formal models and action logics admit reasoning
about continuous processes. Such topics require a survey in their own right and are only briefly touched
upon here. Example references include Moore [49], Lansky [38]. Recent research in AI planning is
taking more account of such work.

8. SUPPORT LANGUAGES AND DATA BASE SYSTEMS

Some early planning systems used specially tailored languages designed to allow search and pattern directed
inference (e.g., PLANNER [100], POPLER [94], CONNIVER [112] and their derivatives). The depth-first
search strategy of the logic programming language PROLOG [93] was used in WARPLAN [81], probably
the first planner to be implemented in that language. In other cases a base AI Programming language was
augmented by suitable language extensions (e.g., QA4 [108], QLISP [109]).
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However most systems have been implemented in a combination of an AI language with a knowledge
representation language such as UNITS [111] in LISP (for MOLGEN [69], HBASE [89] in POP-
2/POPLOG [ 110]) (for INTERPLAN [72] and NONLIN [74]), etc. Separate research and development on
knowledge representation languages (e.g., KRL[91], LOOPS, parallel reduction machines and large content
addressable memories (e.g., NETL [97], FACT [106]) is an important source of support for new planning
work.
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