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Backward Strips Planner

© P. Heeman, 2010

¢ Can do backward search from goal

- Find actions to make goal true
e Strips Planner

input: goal-list Goals, initial world W
output: list of actions P, final world

while{Goals != {}}
Take first goal G off of Coals
if Gis not true in current world
find action A whose effect achieves it

returning plan P and world W
append P to end of plan P
append A to end of plan P
set current world Wto W

call planner on preconditions of Awith W

- Don't have to blindly search for world where goal is true



ass 14: 3 . Heeman,
— CSE560 Cl 14: 3 P.H 2010

Example

¢ Block World:
stack(C,A)  move block C from on table to ontop of A
unstack(C,A) move block C from ontop of A onto table

- initial world: ontable(a), on(c,a), ontable(b)

® Goal: on(a,b) and on(b,c)

a b

Sussman Anomoly
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Interactions

* Planning for on(a,b) on(b,c)

- Stack a onto b, requires unstacking c from a first

- Stack b onto c, requires unstacking a from b first

- Final plan is unstack(c,a) stack(a,b) unstack(a,b) stack(
¢ |f we switch the order of the goals:

- Stack b onto c, no preconditions
-Stackaontob

+ Must first have a clear, unstack c a
+ Must first have c clear, unstack b ¢

- Final plan is stack(b,c) unstack(b,c) unstack(c,a) stabl(
® Subgoals can have interactions

- Subsequent actions can undo previously achieved goals

- Planning for each subgoal individually is problematic
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Improvement 1: Clobberers

¢ Clobberers:
- Say actior in partial plan has preconditian
- We might have planned farto be true since true in initial world
- We might later add an action befonewith effect—c
* More general case
- We added actioh to achieve: for a
- We add in actiory betweerb anda with effect—c
* |ets remember why actions are added in!
- Don't allow subsequent actions to be clobberers

Russell and NorvigArticifial Intelligence: A Modern ApproactL995 has an excellent writeup of this approach.
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Causal Links

¢ Keep track of why actions were added to plan

e Example: two causal links Start
- stackadded to plan to achievan(a,b) clear(a)
- clear(a) of on(a,b)to be done by initial causalLink

* \We can add a new actianywhere
as long as doesn’t violate existing causal lirdes (@) clear(b) ontable(a

¢ Causal links: on(a,b) Iclear(b)
- Give actions a name (e.gl, a2, etc)

- Record precondition, action that needs it
& action that establishes it

Causal Link

on(a,b)

* Keep both causal links and action list
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Improvement 2: Partial Order

* Do we need to decide full ordering of actions when planning?
¢ For forward planners (initial word to goal state)
- We needed to check if action is true in the current world
* For regressive planners with causal links
- Why not allow new actions to go anywhere, rather than alwafoat
¢ Let’s include ordering constraints
- Minimum restrictions on where actions can go
- Causal link implies an ordering constraint
- If new action potentially violates a causal link, add ordgrconstraint
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Shoe Example

® Putting on shoes and socks

- Actions: rightShoe, leftShoe,
rightSock, leftSock

- Partial plan specifies
rightSock before rightShoe
and leftSock before leftShoe

* Note compactness by not com-

mitting to ordering

*How many linearizations are

there for this plan?

Partial Order Plan:

Left Right
Sock Sock
LeftSockOn RightSockOn
Left Right
Shoe Shoe

LeftShoeOn, RightShoeOn

©Atificial Intelligence: A Modemn Approach, Russell & Nogii
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Totally Ordered

Total Order Plans:

Start Start Start Start Start Start
{ i 1 1 i i
Right Right Left Left Right Left
Sock Sock Sock Sock Sock Sock
f f f i i i
Left Left Right Right Right Left
Sock Sock 7 Sock Sock 7 Shoe Shoe
1 i ' ' i 1
Right Left Right Left Left Right
7 Shoe Shoe 7 Shoe Shoe 7 Sock Sock
i f i i i {
Left Right Left Right Left Right
7 Shoe Shoe 7 Shoe Shoe 7 Shoe Shoe
1 i i { i !
Finish Finish Finish Finish Finish Finish

(©Artificial Intelligence: A Modern Approach, Russell & Nogi
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Partial Order Planners

* Path of least committment
- Don't decide ordering until necesary (make sure there idwdien)
¢ Start with a simple incomplete plan
- Find unachieved precondition
- Add action (or reuse action already in plan) to achieve prditmn
- Add causal link
- When clobberer (fig a), )
add ordering constraint
to make fig b or fig c * * *
</ =R
[= ]

-c
(@) (b) ©

©Artificial Intelligence: A Modern Approach, Russell & Noi
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Representation

¢ A plan is adata structureconsisting of
- A set of plan step$...5,
+ Each step of forniNare: st ep( Head, Ef f ect, Precondi ti ons)

+ Name bound to a unique identifier so that we can ensure we ¢queain
refer to each step

- A set of ordering constraints, e.§; < S;, S; beforesS;
+ Just keep ordering constraints of the step names

- A set of causal links, e.g5; = S;: S; achieves: for .S;

+ record the purposes of each step: a purposg, fto achieve the
preconditionc of .S
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Initial and Final Plans

¢ |nitial Plan

- Steps
start:step(start,initial world state,null)
finish:step(finish,null,goal)

At(Home) Sells(SM,Banana) | Sells(SM,Milk) Sells(HWS,Drill)

- Orderings:{start < finish}
- Links: {}

Have(Drill) Have(Milk) ¢Have(Banana) At(Home)

Finish

©Artificial Intelligence: A Modern Approach, Russell & Nogji

¢ Final plan: need not be fully ordered
- Why arbitrarily choose one solution over another
- Some agents can perform actions in parallel
- Plan might be a subplan of a bigger plan
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Complete Consistent Plans

e Complete:
- Every precondition of every step achieved by some step

- A stepS; achieves a preconditianof step.S; if
+.5; < Sjandce € effects(S;)
+ There is naclobberingstepsS). such that-c € effects(Sy), where
S; < Sk < S; in some linearization of the plan

- Note: must check all possible linearizations of the plan
- Reason about consistency of set of time points

* Incomplete:
- not all preconditions achieved
* Consistent:
- No contradictions in the ordering
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Algorithm

* Always work from a consistent plan with no clobberers

® CHOQOSE an unachieved precondition

* CHOOQOSE effect of an existing step to achieve it
- Add causal link and ordering constraint

* OR CHOOSE a new stes; to achieve precondition
- Add causal link and ordering constraint

* Resolve threats

- ForANY CLOBBERER S, to any causal linkS; = S
+ DEMOTE: makeS, precedesS;
+ PROMOTE: makesS, come aftersS;

* Repeat until complete, backtrack on failure
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Example

® Add ‘buy’ actions to achieve the.ysfon  sosdems s, sotsmams

three goals: have milk, bread &[ swom | [wma | [ suy@ananas) |

drill N F

Have(Drill), Have(Milk), Have(Bananas), At(Home)

- Note ordering constraints force all Finish

actions to be after start

A(HWS), Sells(HWS,Drill)  At(SM), Sells(SM,Milk)  At(SM), Sells(SM,Bananas)

e Add causal links from initial [ewom | [ewoag | [ ouyc@ananas)
state to ‘sells’ preconditions /g%_,; ifh\v

(©Artificial Intelligence: A Modern Approach, Russell & Nogi
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Example Continued

- Add go(hws)to satisfy precondition obuy(drill) andgo(sm)for buy(milk)
- Not shown here are theat(X) effects ofgo
- Any clobberers yet?

At(x)

At(HWS), Sells(HWS,Dril)  A(SM), Sells(SMMilk)  At(SM), Sells(SM,Bananas)

_ Buy(Drill) _ _ Buy(Milk) _ _ Buy(Bananas) _

N Foo~

Have(Drill) , Have(Milk) , Have(Bananas) , At(Home)

Finish

(©Artificial Intelligence: A Modern Approach, Russell & Nog/i
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Variables

¢ When choosing an action, don’t need to instantiate all bée&®

- Example:
Choose move(A,B,C) to achieve on(a,X,c), but don’'t caretvithia
Wait with instantiating B until we have to
Hence, fewer action instances to consider
Don't have to distinguish between move(a,d,c) and mova(g.etc

¢ Use variable constraints, like Prolog
- On backtracking need to undo variable constraints, likédgro
- Can use Prolog’s variable substitutions
¢ Could imagine more complicated constraints
- Don't allow variable to be bound with something
- Only allow value to be from a specified set




CSE560 Class 14: 2% P. Heeman, 2010
—

Variables and Threats

¢ After adding first causal link,
we have-at(X) as an effect andt(home)as a causal link

* Should this be considered a threat?

* Approaches:
- Add constraintX # home not easy in Prolog
- Consider threat if unifiablat( X' ) = at(home
+ Will this still give us a complete algorithm?

- Consider threat if exact mateti(.X ) == at(home
+ After any operation that bind variables, need to check fobloerers
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Example Continued

- Add causal link forat(home)or go(hws) Any clobberers?

- Add causal link forat(home)for go(sm) Any Clobberers?

At(Home) At(Home)

At(HWS), Sells(HWS,Drill) At(SM), Sells(SM,Milk) At(SM), Sells(SM,Bananas)

—

Buy(Drill) _ Buy(Milk) _ _ Buy(Bananas) _

P~

Have(Drill) , Have(Milk) , Have(Bananas) , At(Home)

Finish

(©Artificial Intelligence: A Modern Approach, Russell & Nog/i



~— CSE560 Class 14: 23

© P. Heeman, 2010

Example Continued

¢ |f we usedat(home)rom start node to satisfy the precondition
of go(hws) we can't use it fogo(sm)

¢ Other options foat(X) precondtion ofyjo(sm)are
- Introduce anothego action

- Use effect ofgo(hws) E

At(Home)

ALHWS)

A(HWS), Sells(HWS, Drill

_ Buy(Drill)

At(SM), Sells(SM,Milk)

At(SM), Sells(SM,Bananas)

AY(SM)
_ Buy(Milk) _ _ Buy(Bananas) _ _ Go(Home) _

N ===

Have(Drill) , Have(Milk) , Have(Bananas) , At(Home)

Finish

©Artificial Intelligence: A Modern Approach, Russell & Nowi
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Final Plan

At(Home)
At(HWS) Sells(HWS,Drill)

At(HWS)

[

Have(Milk) At(Home) Have(Ban.) Have(Drill)

ntelligence: A Modern Approach, Russell & Nogi
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Properties of Algorithm

¢ Algorithm has choice points
- Can do depth first or breadth first search
¢ |s algorithm sound and complete?
- If there is a solution, there is a sequence of choices thafind plan
¢ |f there is no plan, will it stop?
-No
¢ Will depth first planner always find plan?
- Could get stuck down wrong path
- But, since searching over partial plans, many fewer wrorgga
¢ Will breadth first planner always find plan (if there is one)?
- Yes. Since partial plans, much smaller search space.
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Choice Points

CHOOSE an unachieved precondition
CHOOQOSE effect of an existing step to achieve it
OR CHOOSE a add new stefy; to achieve precondition
For ANY CLOBBERER S, to any causal linkS; = S;
DEMOTE: makeS, precedeS;
PROMOTE: makeS, come afterS;

* Lots of choice points. If we can elminiate some

- less backtracking for depth-first and less breadth for hhefucst
¢ Are all choose points needed for completeness?

- Does it matter the order we resolve threats?

- Does order of picking unachieved preconditions matter?




