A.l. Planning

1 Classical Planning

We are looking at how to get an agent to ‘think ahead’. But upadw we have used analogical representations. What
we’re now going to do is look at how to get our agent to ‘thinleati’ but this time using logical representations
of the states of the world. The task of finding sequences dabr@xin a state space where the states have logical
representations is callell. Planning

In this lecture and the next two, we look at what is sometinaed classical planning Classical planners make at
least the following assumptions:

« The planner has complete and certain knowledge of (rete@xations of) the initial world state;
« each action will be executed infallibly; and

« the world changes only as a result of this agent’s actionpditicular, there are no other agents in the execution
environment whose actions would interfere with executibtine plan).

In other words, the environment is fully observable; defarstic and static with only a single agent.

After our three lectures on classical planning, we then emelecture in which we look aton-classical planning
Non-classical planners abandon one or more of these assunsipt

2 The Blocks World

The blocks world is a simple world in which planning algonithare commonly taught and demonstrated. It comprises
a robot arm and a number of labelled wooden cubes, restingaire

Here is an example of a start state and a goal state.
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The robot is capable of four actions: stacking a block that tolding on top of another block; unstacking a block
from another block; picking a block up from the table; andtipgtdown a block that it is holding onto the table.

3 The STRIPS Language

In fact, we're not going to allow ourselves the full expressiess of FOPL. We'll use a sublanguage. We do this
for efficiency. The sublanguage we use is calledSA®IPS languageecause it was first used in a planning system
developed in the late 1960s/early 1970s called STRIPS {@tResearch Institute Problem Solver).

Although the STRIPS language is quite a restricted languiageems to be just about expressive enough to repre-
sent many typical planning problems, which explains whyais lendured. (Recently, ADL, the Action Description
Language, which is a slightly more expressive subset of F®RBE been gaining ground and replacing the STRIPS
language in A.l. planners. For simplicity, we'll stick toetlSTRIPS language.)

Here is how we encode actions, states and goals in the STRi@8dge.

3.1 States

Each state will be described by a conjunction of functiceefground atoms.
So here is a representation of the start state depictee@earli
on(b, a)A ontable(a)\ ontable(c)

A ontable(d)\ armempty
A clear(b)A clear(c)A clear(d)

You can see we have only conjunction (no negation, no disjmcetc.); we have ground atoms (no variables) and
they are function-free (no function symbols). So, in efféke arguments of the predicate symbols are all constant
symbols.

In the STRIPS language, we make tesed-world assumptioThis means that any statement that is not mentioned
in a state representation is assumed false. For examplbeistart state, because clear(a) is not mentioned, it is
assumed to be false. Similarly, holding(c) and on(e, c) asemed to be false.

3.2 Goals

The goal is also represented by a conjunction of functiee-ground atoms.

So here is a representation of the goal depicted earlier:
on(c, a)A on(b, d)
A ontable(a)y\ ontable(d)
A clear(c)A clear(b)
In general, goals do not have to be fully specified. So, fongla, suppose someone’s goal is simply
on(c, b)A on(b, a)

Then, any state in which this wff is true is a goal state, éages where additionally

» disoncanda s on the table;
« dis on the table and a is on the table

* aisondandd is on the table

providedcis onb andbis ona.



3.3 Operators
Information about each action is encoded in the form of amaipe Each operator comprises three components:

Action: A name and a parameter list.

Precondition: A conjunction of function-free atoms that need to be truetfier operator to be applicable in a state.
So these are atoms where the arguments can be constant syonliaéy can be variables from the parameter
list.

Effect: A conjunction of function-free literals that describes ey the world changes if the operator is executed. So
these are atoms oregatedatoms where the arguments can be constant symbols or thdyecaariables from
the parameter list.

Itis common to divide theffectinto two wffs:

« theadd list(the positive effects) — what will be newly true in the statemexecuting the action; and
« thedelete list(the negative effects) — what will no longer be true in theesteter executing the action.

Any variables in an operator must appear in the parametarii$ are taken to be universally quantified. An operator
with variables in it denotes a family of actions: when inggran action into a plan, the variables must, at some point,
be instantiated, so we know what object the action is beimgdo.

Here are the operators that specify the four actions of tbel&l World:

Op( ACTION: stackg, y),
PRECOND: cleay) A holding(),
EFFECT: —cleary) A —holding() A
armemptyA on(z, y) A clear@))

Op( ACTION: unstackg, v),
PRECOND: ong,y) A clear@) A armempty,
EFFECT: —on(z, y) A ~armemptyA
—clearg) A holding(z) A clear))

Op( ACTION: pickup(),
PRECOND: clearf) A ontablef) A armempty,
EFFECT: —ontablef) A —armemptyA
—clear) A holding(x))

Op( ACTION: putdowng),
PRECOND: holdingf),
EFFECT: =holding() A ontablef) A
clear@) A armempty)

It's worth pointing out that it's not easy to come up with gamgkrator descriptions. There are at least three problems:

The qualification problem: Itis hard to define preconditions: the circumstances undiéiwan action iguaranteed
to work, e.g. to pick up an object requires that it not be toaviyeLeaving things out gives danger of execution
failure.

The ramification problem: It is hard to define effects: especially implicit consequemof actions, e.g. moving a
container moves its contents.

The frame problem: To give a logically correct specification of an operator (tn&t allows the right inferences),
we would have to specify not only what changes (effects) lhait €verything else doesn’t change. In STRIPS
operators, we only say what changes. It is implicit in thecidised planning algorithms we use that all else
remains unchanged.

4 State-Space Planning

We can try to use our state space search algorithms for Ahnphg. The main difference is that states will have
logical representations instead of analogical repreienta Because the operators specify both the preconditind
the effectadeclaratively we can easily conduct the search in either a forwards or lwzads direction, as explained
further below.

4.1 Progression Planning

Progression planners plan in a forwards direction, fronstad state to the goal.
An operator is applicable to the current state if the atonisiprecondition all unify with atoms in the current state.

We generate the successors by taking the current state and

« inserting the operator’s positive effects (add-listjdan

« deleting the operator’s negative effects (delete-list).

ontable(a) & ontable(c)&
clear(c) & clear(c) &

unstack(b,a) holding(b)

/
\

pickup(c)

on(b, a) & clear(b) &
ontable(a) & ontable(c) &
clear(c) & armempt,

on(b, a) & clear(b) &
ontable(c) & holding(c

SN TN

Until the beginning of the 1990s, it was assumed that pragwaglanning was too inefficient to be practical. The
branching factor is very high: in any one state many opesatdlt be applicable. Many of these operators, while
applicable, will be irrelevant: they do nothing to help usatthieve the goal. This isn't easily illustrated using the
Blocks World. Here is a diagram from a different domain tlsaguggestive of the possible problems:



Talk to parrot

Go to pet store
P Buy a dog

Attend a lecture Q

Buy tuna fish

Go to college

Go to supermarket

Buy arugula

Go to sleep

Buy milk

Read a book i
Sit some more

Sit in chair Read a book

Etc. Etc.

(Based on Fig. 11.2 in S.Russell & P.Norvigtificial Intelligence: A Modern ApproachPrentice-Hall, 1995.)
Of course, a largstate spacés not necessarily a problem. What matters issbarch tree If we can devise a highly
focused search strategy, the search tree may not be so bad.

Unfortunately, heuristics are not much help. They chooseranstates, not operators. So, even if we had a great
heuristic, we would need to generate all successors befing the heuristic to select among the many states on
the agenda. And, good heuristics are hard to devise fordbgépresentations anyway. The most obvious heuristic
is to count how many conjuncts in the goal are not yet true endhrrent state. (Question: do you think this is
an admissible heuristic?) More accurate variations oflihige also been devised but, unfortunately, these heuristic
functions are themselves typically quite expensive to oatep

4.2 Regression Planning

Regression planners plan in a backwards direction, frongtizé to the start statepplying operators in reverseAt
each point, we compuf@edecessor states

For example, if the goal contains the atdmidinga), then we find all operators that hakeldingz) as a positive
effect.

We generate the predecessors by taking the goal and

« deleting all of the operator’s positive effects, and

« inserting all of the operator’s preconditions.

The predecessor now acts asubgoal it is a state that we would like to achieve. So we computergsigcessors.
And so we continue until, if possible, we reach a subgoalfallftose atoms are true in the start state.

)

clear(b) &
holding(c) &
on(b, c)

\

\&ck(a, b)

on(a, b) &
on(b, c)

,4(*(& c)

on(a, b) &
clear(c) &
holding(c)

This has a major advantage: it only considers relevant eperal he only operators installed into the search tree are
ones that make goal (or subgoal) atoms true. It tends threrédayive a much more focused search than progression
planning does.

However, in realistic problems, the branching factor i sften very large. Heuristics remain important for foausi
the search. In a similar vein to progression planning, it im@yossible to base the heuristic on a count of how many
atoms a predecessor has in common with the start state.

5 Problem Decomposition

Standard state-based search, whether done forwards avéatk may still not be efficient enough. A good heuristic
is essential but hard to come by. So we need to look for fuittesrs to improve efficiency.

One such idea is to uggoblem decompositiorto divide-and-conquerWe can work on bits of the problem, then
combine the partial solutions to get an overall solutione Tact that goals (and subgoals) are conjunctions faebtat
this. In effect, we can work on each conjunct of the goal szedy.

Of course, there may be a problem with this. The partial gmistfound for each part of the goal may conflict.

Problem decomposition will work best if the problem is petfg decomposable into manageable independent sub-
problems. Then there’s no risk of conflict.

But the idea of problem decomposition might still be viatderhost real-world problems. While real-world problems
are rarely perfectly decomposable, they are oftearly decomposablé¢here is limited interaction between subprob-
lems. So we can solve them as if they were perfectly deconppmsand then, when we combine the partial solutions,
we can fix any problematic interactions. As long as theseeawearf number and easily fixed, we should benefit.

This is a very human problem-solving strategy. We tend takproblems down into subproblems, solve them largely
independently and then try to stick the partial solutiorgetber, at which point we fix any troublesome interactions.
And this works well for us on most real-world problems.

As a speculation, one reason why we find puzzles challengaygra because the puzzle designer deliberately sets out
to come up with a problem in which problem decomposition ddegork. Either the puzzle is barely decomposable,
or the puzzle is decomposable but not in an obvious way.

The idea of problem decomposition has gone a very long wayatimg state-based planning systems practical. Many
of the most efficient A.l. planners now work in a forwards dtien, exploiting powerful heuristics and problem
decomposition. However, A.l. researchers have come up avitariety of other ideas too, and we will now look at
these.



6 The Sussman Anomaly

Here is a planning problem, known as Bi@ssman anomalwhich causes problems for many simple-minded planning
algorithms, especially if they use problem decomposition.
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Some planning algorithms cannot solve this at all; othensscdve it, but only sub-optimally.

The goal ison(a, b) A on(b, ¢). Suppose we decompose the goal into its two conjuncts artd sglveon(a, b) first.
The solution that a simple-minded planner might find (if idrone at all) is:

unstack(c, a), putdown(c), pickup(a), stack(a, b),
unstack(a, b), putdown(a), pickup(b), stack(b, c),
pickup(a), stack(a, b)

If, on the other hand, it solvemn(b, ¢) first, it finds a different sub-optimal plan. (You work thiseoaut for yourself.)

A major cause of the problem is the assumption, in simpledeiiplanners, that the order in which actions are found
during planning should be their ordering in the plan, i.e.dinder in which they will be executed. It turns out that the
way to avoid problems such as the Sussman anomaly is to Hreatonnection between the order in which actions
are found during planning and the order in which they will Reaited: we will allow ourselves to add actions to the
plan wherever they are needed, rather than in an unbrokereseeg from the start state (or in reverse from the goal).

There are many ways to achieve this. Particularly populaafong while has been to combine the ideas of the next
three sections. In the next lecture, we will see a plannermibmbines these ideas.

7 Plan Space versus State Space

So far we've been discussisgate spac@lanners: operators apply to states and goals.

An alternative iplan spaceplanners: they search through the plan space. Each nodedssilfly) partial plan. The
planner starts with a very simple partial plan. It repeateeffines the partial plan (often by adding things to it) uittil
is no longer partial and it solves the problem.

In this kind of search, the nodes are plans, so the operatiiraat be the STRIPS operators; they will fptan
refinement operatorsPlan refinement operators include such things as: addingpats the plan; or imposing an
ordering constraint on the steps within the plan. They frttonstrain the plan. (Some people talkcohstraint-
posting)

Here is a diagram that might illuminate this:
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(Based on Fig. 13.7 in E.Rich & K.KnighAsrtificial Intelligence(2nd edn.), McGraw-Hill, 1991)

8 Partial-Order versus Total-Order Planning

A planner that can represent plans in which some steps aszeatdv.r.t. each other but others are unordered is a
partial-order or non-linearplanner.

Simple-minded planners cannot represent plans in this veagn when steps do not need to be ordered, they are
still ordered (the ordering coming from the order in whicleythwere determined during planning). We call these
total-orderor linear planners.

Plan space planning is amenable to partial-order plannimg#ay that state space planning is generally not.

9 Least Commitment Planning

Partial-order planning is then usually subject to the ppilecof least-commitmentdon’t make any choices that you
don’t have to, e.g. don't order actions unless they must bdered. Postponement of commitment means, if search
needs to backtrack, then fewer decisions need to be undone.

In the next lecture, we look at POP, an example of a regregdamer that carries out problem decomposition, that
searches plan space rather than state space, that buildsadlypardered plan and that operates by the principle of
least-commitment.



