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Introduction to Problem solving and planning

* Expert Systems — all knowledge is laboriously
hand-coded at the start.

 Machine learning approach — start with a general
problem solving engine and accumulate
experience either by extensive search or via
demonstration of viable solution by an external
agent (human).

* Case based reasoning — knowledge is specified as
a set of previously solved problems (cases) in the
domain of interest and solving a problem
involves retrieving similar past cases and adapting
it to the new situation.




A-nal-o-gy

Dictionary.com says:

* Asimilarity between like features of two things, on
which a comparison may be based: the analogy
between the heart and a pump.

 Logic - a form of reasoning in which one thing Is
Inferred to be similar to another thing in a certain
respect, on the basis of the known similarity between

the things in other respects.



Derivational Analogy

* Is ageneral form of case-based reconstructive reasoning that
‘replays’ and modifies past-problem solving traces to solve
problems more directly in new but similar situation.

 Why analogy? - To reuse past experience to guide the generation of
the solution for a new problem, avoiding a completely new search
effort.

e Derivational analogy captures knowledge present at search time by
compiling justifications at each decision point and annotating these
at different steps of the successful path.

 When replaying a solution, the derivational analogy engine
reconstructs the reasoning process underlying the past solution.

e Derivational analogy can benefit from past successes, failures and
interactions.



How the PRODIGY approach is different from pure CBR

* The problem solver for the analogical engine is general-
purpose reasoner, as opposed to a special-purpose.

* Analogical reasoning mechanism is completely domain-
independent but can be applied to any domain-specific
case library.

 Cases used to guide replay, can be invoked in recursive
sub goal reduction.

e Case memory is dynamically organized in response to
feedback from the problem solver regarding how useful
the suggested guidance was.



The paper is organized in 6 sections:

1.
2.

Introduction

Automatic case generation as fully annotated
derivational traces of problem-solving search
episodes.

Mechanism of case utilization.

Case retrieval strategy using two different
similarity metrics.

. Overall case memory model — dynamically

index and organize cases.

. Conclusion.



The derivational trace : Case generation

* Derivational analogy is a reconstructive method by which lines
of reasoning are transferred and adapted to the new problem.

* In PRODIGY a domain is specified as a set of operators,
inference rules and control rules.

* Each operator has a precondition expression that must be
satisfied before an operator can be applied, and an effects-list
that describes how the application of the operator changes
the world.

* Problem consists of initial state and a goal expression —
PRODIGY must find a sequence of operators that, If applied to
the initial state, produces a final state satisfying the goal
statement.



Case generation cont..

PRODIGY’s nonlinear problem solver — NOLIMIT (Non

linear problem solver using causal commitment) —is a
linear planner using means-ends analysis in backward
chaining mode.

Given a goal literal not true in the current world, select
one operator that adds that goal to the world.

If the preconditions of the operator are true, the
operator can be applied.

If not true, then preconditions that are not true in the
state become sub goals.

Cycle repeats till all the conjuncts from the goal
expression are true in the world.



Case generation cont..

* Automatically generating a case from a problem-solving
episode is related to the decisions taken at different
‘choice points'.

* Some types of choice points:

— What goal to sub goal — choosing it from a set of pending goals.

— What operator to choose.

— What binding to choose to instantiate the selected operator.

— Whether to apply an applicable operator or continue subgoaling
— Whether search path be suspended, continued or abandoned.
— Upon failure, which past choice point to backtrack to.

 The decision taken at each choice point needs
justification. This will also include “cause of failure”.



Case generation cont..
e Reasons for failure in NOLIMIT:

— No relevant operators — reaches an unachievable goal.

— State Loop — application of an operator leads to a previously
visited state.

— Goal Loop — pending goal becomes its own sub goal.

* To generate a case from a search tree episode, take the
successful solution path annotated with the justifications
for the successful decisions taken, and with the record of
the remaining alternatives that were not explored or
were abandoned.

* Ajustification structure is needed to store all this
information.



Case generation cont..
Justification record structure at decision nodes

Goal node Applied Op Node
:choice :choice
:sibling - goals sibling - goals
:sibling - applicable - ops sibling - applicable - ops
Why - Sl,!bgoal Why - app|y
‘why - this - subgoal :why - this - operator

.precond - of

Chosen Op Node
.choice
.sibling  -relevant - ops
:why - this operator
relevant  -to



Example in a simple transportation domain

(LOAD- ROCKET
(params
((<obj> OBJECT)
(<loc> LOCATION)))
(preconds
(and
(at <obj> <loc>)
(at ROCKET <loc>)))
(effects
((add( inside <obj> ROCKET))
(del( at <obj> <loc>)))))

(UNLOAD ROCKET
(params
((<obj> OBJECT)
(<loc> LOCATION)))
(preconds
(and
(inside <obj> ROCKET)
(at ROCKET <loc>)))
(effects
((add( inside <obj> <loc>))
(del( inside <obj>

ROCKET)))))

(MOVE ROCKET
(params nil)
(preconds
(at ROCKET locA)
(effects
((add( at ROCKET locB))
(del( at ROCKET locA)))))

The ONE-WAY-ROCKET domain



A problem in the ONE-WAY-ROCKET world

(has - instance OBJECT obj1 obj2)
(has - instance LOCATION locA locB

Initial State:
(at objl locA)
(at obj2 locA)
(at ROCKET locA)

Goal State:
(and (at obj1 locB)
(at obj2 locB))



The complete conceptual tree for a successful solution path




Saving a goal decision node with its justification

* Learn next time from the earlier exploration and reduce the search.

 The correct decision of choosing to work on the goal (at obj2 locB)
was taken after having failed when working first on (at ROCKET
locB).

 The decision node stored for the goal (at obj2 locB) is annotated
with sibling goal failure.

 (at ROCKET locB) was a sibling goal that was abandoned because
NOLIMIT encountered an unachievable predicate pursuing the
search path, namely, the goal (at ROCKET locA).

Frame of class goal - decision - node
:choice (at obj2 locB)
.sibling - goals
(((at ROCKET locB) (:no - relevant - ops (at ROCKET locA))))

.sibling - applicable - ops NIL
'‘why - subgoal NIL

‘why - this - goal NIL

:precond - of( *finish* )



The Derivational Replay: Case utilization

 Two approaches for derivational replay:

— Satisficing approach- Minimize planning effort — recycle as much of
the old solution as permitted by the justifications.

— Optimizing approach ¢ Maximize plan quality — consider alternatives
of arbitrary decisions and re-explore failed paths if the reason for
failure is not present in new situation.

e Satisficing paradigm - system is fully guided by its past
experience. The syntactic and semantic applicability of an
operator is checked.

* The problem solver also checks the validity of the
justifications at each choice point. In case the choice remains
valid in the current problem state, it is merely copied. In case
it is not valid:

— Replan at the particular failed choice.

— Re-establish the failed condition by adding it as a prioritized goal and if
achieved simply insert the extra steps into the solution sequence.




Case retrieval: the similarity metric

* The PRODIGY approach relies on an incremental
understanding of an increasingly more appropriate
similarity metric.

* Memory model of PRODIGY — SMART (Storage in
Memory and Adaptive Retrieval over Time)

* NOLIMIT provides SMART, the information about the
utility of the candidate cases suggested as similar in
reaching a solution.

* This information is used to refine the case library
organization and in particular the similarity metric.



Direct similarity metric:
What is a direct match?

Definition 1. We say that a conjunction of literals L = 1, . . ., I, directly matches a con-

junction of literals L' = I, ..., l,, under a substitution ¢ with match value 8, if there

are & many literals in L that directly match some literals in L' under o. A literal | directly
matches a literal ', iff

o The predicate of l is the same as the predicate of 1.
® Each argument of [ is of the same class (type) as its corresponding argument of '

In this case, there is a substitution o, such that | = o(l').

Definition 2. Ler P and P' be two particular problems, respecti vely with intiial states S°
and 8 and goal G* and G Let 85" be the match value of G* and G, under some
substitution o. Let 8"(” W' be the match value of 8* and 8, under the substitution o. Then

we say that the two problems P and P' directly match with match value 5°7" = §3P-%
+ 3PP under substitution o.



The footprint similarity metric

Definition 3. For a given problem P and corresponding solution, a literal in the initial
state is in the foot-print of a goal conjunct g, iff it is in the set of the weakest preconditions

of g according to the derivational trace of the solution.

Definition 4. We say thar the initial state § foot-print matches an initial state 8’ under
a substitution o and given matched goals gV, ..., g, with match value 8, iff there are
o many literals | in 8, such that (i) l directly matches some literal l' in 8' under o, and

(ii)  is in the foot-print of some goal g, fori =1, ..., m.

* This similarity emphasizes goal-oriented behavior more than the
one introduced before by focusing only on the goal-relevant
portions of the initial state.

 When assigning a match value to two problems, we do not consider

now only the number of goals and literals that match in the initial
state, we also use the unified goals themselves to determine the

match degree of the initial state.



Case storage : Interpreting the utility of guidance
provided

 SMART, the memory manager has the ability

—search its case library for one or more cases solved in the past
that best relate to the new problem presented by the problem
solver.

—reorganize and create new links between cases stored as a
function of the feedback received from the problem solver on the
utility of the guidance provided in solving the new problem.

W;:,G
W,.G Analogical "
Problem Analogs SMART
Solver
Wy, Sol N
Feedback

(Solution and Relevance of Analogs)



Case Storage cont..

Four situations that encode the utility as judged by the problem solver
on the guidance received from memory:

a) Fully-used : The problem solver is able to replay the previous case,
fully validating the justifications.

b) Extension : The guiding case is fully used, but extra work is done
to re-establish a failed condition. The extra steps are just spliced
into the resulting sequence.

c) Locally Divergent: The case suggested and the current case
diverge due to some failed justification after an initial successful
replay.

d) Globally divergent : The replay diverges from the retrieved case,
and fully justified decisions prior to the divergence must be
undone because the problem solver switches to a different
strategy.



Diagram will make it clear:

past past past past
L
1] ]
] ]

(a) _j (<) (d)

{B)



Conclusion

NOLIMIT can successfully create its own case library by
recording solution traces & accompanying justifications.

Derivational analogy can exploit past cases to solve new
but similar problems, faster than standard problem
solver.

Rich derivational structure better than direct trial-and-
error replay of cases for related problems.

General problem solving + CBR € minimize trade-off
between memory and search.

Efficient balancing of costs of retrieval and search can
help the system dynamically scale up its case library.



Any Questions??



