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Abstract

Deriv ational analogy is a tec hnique for reusing problem solving ex-

p erience to impro v e problem solving p erformance. This researc h ad-

dresses an issue common to all problem solv ers that use deriv ational

analogy: o v ercoming the mismatc hes b et w een past exp eriences and

new problems that imp ede reuse. First, this researc h describ es the

v ariet y of mismatc hes that can arise and prop oses a new approac h to

deriv ational analogy that uses appropriate adaptation strategies for

eac h. Second, it compares this approac h with sev en others in a com-

mon domain. This empirical study sho ws that deriv ational analogy is

almost alw a ys more e�cien t than problem solving from scratc h, but the

amoun t it con tributes dep ends on its abilit y to o v ercome mismatc hes

y
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and to usefully in terlea v e reuse with from-scratc h problem solving. Fi-

nally , this researc h describ es a fundamen tal tradeo� b et w een e�ciency

and solution qualit y , and prop oses a deriv ational analogy algorithm

that can impro v e its adaptation strategy with exp erience.

1 The deriv ational analogy tec hnique

Deriv ational analogy is a tec hnique for reusing problem solving exp erience

to impro v e problem solving p erformance. Since its prop osal [Car83 , Car86 ],

it has b een applied to a n um b er of domains, includin g circuit design, matrix

manipulation, non-linear planning, and more recen tly , computer program

transformations, DC circuit problem solving, and the design of h uman-

computer in terfaces [Mos89 , MB87, MF89 , HA87 , Kam89a , CV88 , Bax90 ,

HL90, Blu90a ]. While this div ersit y sho ws that deriv ational analogy is

widely applicable, it mak es it di�cult to determine ho w and wh y deriv a-

tional analogy w orks.

The goal of the researc h describ ed here is to examine deriv ational analogy

in t w o w a ys. First, the researc h analyzes the fundamen tal structure of the

problem addressed b y deriv ational analogy and the inheren t limitations in

the tec hnique. Second, the researc h empirically ev aluates the relativ e success

of v arious approac hes to the deriv ational analogy tec hnique b y implemen ting

existing and original deriv ational analogy tec hniques and testing them on

a n um b er of problems in the same domain. Although there are a n um b er

of di�cult issues that a deriv ational analogy algorithm m ust address, this

pap er concen trates on the problem of reducing the di�erences b et w een prior

problem solving exp eriences and new problems to facilitate reuse.

In principle, the deriv ational analogy tec hnique of recording and reusing

exp erience can b e applied to an y kind of problem. Ho w ev er, in practice

deriv ational analogy has b een applied to problems in design, searc h-based

heuristic problem solving, and hierarc hical non-linear planning. Problem

solving in these three areas t ypically pro ceeds b y top-do wn decomp osition

of the problem com bined with instan tiation of atomic solution steps. Design

reuse is represen tativ e of the domain areas that deriv ational analogy has

b een applied to, and follo wing Mosto w [Mos89 ], the t w o terms are used

in terc hangeably .

A deriv ational analogy algorithm pro ceeds through four phases: record-

ing an exp erience, retrieving a r e c or de d exp erienc e

1

when faced with a new

1

T erms commonly used in this pap er app ear in italics when they are �rst in tro duced.
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Deriv ational Analogy:

Record one or more exp eriences;

Retriev e a recorded exp erience;

Reuse the retriev ed exp erience on a new problem;

Impro v e Reuse;

Retriev e Exp erience:

Select recorded exp erience from memory;

Establish corresp ondences b et w een recorded exp erience and new problem;

Ev aluate corresp ondences;

If necessary , select a di�eren t recorded exp erience

or establish new corresp ondences;

Return recorded exp erience and corresp ondences;

Reuse Exp erience:

While there are unaddressed goals left in the new problem

and un used goals left in the recorded exp erience

b egin

1. Sele ct go al(s)

Cho ose next goal to b e reused from the ordered list

of goals in the recorded exp erience;

Use the recorded goal ordering information to attempt to select

a corresp onding goal (or goals) from the new problem;

2. A ddr ess go al(s)

Determine whic h of the goal (or goals) selected from

the new problem can b e addressed with the

recorded problem solving information;

If an appropriate goal (or goals) is (are) selected and

the recorded problem solving information can b e applied then

The problem solving information is applied and reuse succeeds; else

Adapt the recorded exp erience and/or the new problem

so that reuse can con tin ue; If adaptation fails,

fall bac k on a from-scratc h problem solv er.

�

end while

Impro v e Reuse:

Ev aluate solution qualit y and e�ciency;

Record ev aluation on b oth the recorded exp erience and the new problem;

Alter retriev al and/or reuse strategies based on ev aluation;

Figure 1: The sk eletal deriv ational analogy algorithm.
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pr oblem , reusing the recorded exp erience to solv e the new problem, and ev al-

uating and impro ving the p erformance of the retriev al and reuse phases (see

�gure 1).

First, a deriv ational analogy algorithm m ust ha v e a record of some prob-

lem solving exp erience. The simplest w a y to pro duce suc h a record is to ha v e

a kno wledge engineer construct it. A more automatic w a y is to ha v e the

algorithm record the actions of a p erson solving solving a problem. Alter-

nativ ely , instead of w orking with a p erson, a deriv ational analogy algorithm

migh t record the actions tak en b y a from-scratc h problem solv er ( e.g. , a

non-linear planner [Kam89b , V el90], a system for solving circuit analysis

problems [HL90], or an automatic h uman-in terface design system [Blu90a]).

Second, a deriv ational analogy algorithm m ust select one of its recorded

exp eriences based on features of the new problem. The recording, index-

ing, and retriev al of exp erience is a di�cult problem, and some prelim-

inary solutions ha v e b een suggested in the deriv ational analogy researc h

[BH91, Kam90b , V el90 ] and in the kno wledge acquisition and case-based

reasoning literature [PBH90, Ham90, Kol87].

Third, the deriv ational analogy algorithm m ust adapt the selected re-

corded exp erience for reuse on a new problem that is similar, but not

iden tical, to the original problem. This abilit y to adapt to di�erences b e-

t w een a recorded exp erience and a new problem during the c ourse of pr ob-

lem solving is what distinguishes deriv ational analogy from other metho ds

for reusing recorded exp erience. Compared to deriv ational analogy , most

other metho ds concen trate on reusing groups of steps without adaptation

[LRN86, MKK C86, DM86 ] or on doing adaptation after all of the recorded

exp erience has b een applied [Ham90 ]. This is not to sa y that the other parts

of the deriv ational analogy algorithm do not presen t formidable problems.

Ho w ev er, the b etter a deriv ational analogy algorithm is at adaptation, the

less imp ortan t it is to select just the righ t recorded exp erience.

In attempting to solv e a new problem b y reusing a recorded exp erience,

deriv ational analogy iterativ ely p erforms t w o steps: sele cting go als and ad-

dr essing go als (see �gure 1). During eac h iteration of deriv ational analogy ,

one or more goals are selected from the new problem that are considered

similar to a goal in the recorded exp erience.

2

Some algorithms select goals

b y simply reusing the order in whic h goals w ere selected in the recorded

2

Di�eren t algorithms for deriv ational analogy use di�eren t criteria for similarit y . Ho w-

ev er, this pap er is more concerned with adaptation than goal selection. Therefore, the algo-

rithms tested in the exp erimen ts describ ed in section 4 use a common similarit y criterion.
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exp erience. Others select goals b y reusing the r ationale b ehind the order in

whic h the goals w ere selected.

Once goals in the new problem are selected, they are addressed b y reusing

the problem-solving information ( i.e., rules, v ariable bindings, and con-

strain ts) that w ere applied in the recorded exp erience. Ho w ev er, b ecause

the recorded exp erience and the new problem are not iden tical, this infor-

mation migh t b e inapplicable to the selected goals. Suc h a failure surfaces

as an unsatis�ed precondition for a rule, an illegal v ariable binding, or a

constrain t violation. If the steps of selecting and addressing goals are un-

successful, either b ecause the recorded goal ordering information do es not

select an y goals from the new problem, or the recorded problem solving in-

formation cannot b e applied to the goals that are selected, then deriv ational

analogy attempts to adapt either the new problem or the recorded exp e-

rience so that reuse can con tin ue. When di�erences b et w een the recorded

exp erience and the new problem cause reuse to fail, a deriv ational analogy

algorithm m ust fall bac k on fr om-scr atch problem solving, either a h uman

exp ert or a searc h-based, heuristic problem solv er.

The last step in the basic deriv ational analogy algorithm is to analyze

the results of reusing the exp erience and to use that analysis to c hange the

p erformance of the deriv ational analogy algorithm in subsequen t problems.

Suc h mo di�cations ma y in v olv e c hanges to the features used for indexing

the recorded exp erience [V C89 ] or impro v emen ts to the adaptation pro cess

[HL91].

Because of its crucial role in deriv ational analogy , the abilit y of a deriv a-

tional analogy algorithm to adapt a recorded exp erience or a new problem

to enable reuse is the fo cus of this researc h. W e will measure this abilit y

in t w o w a ys. First, the total amoun t of e�ort exp ended b y a deriv ational

analogy system to solv e a problem (including the e�ort exp ended during an y

from-scratc h problem solving) is a measure of that system's e�ciency . Sec-

ond, the prop ortion of the new problem that is solv ed b y reuse, rather than

b y from-scratc h problem solving, is a measure of that system's autonomy .

2 Obstacles to reuse { The need for adaptation

A deriv ational analogy algorithm attempts to adapt a recorded exp erience

and a new problem when it encoun ters an obstacle to reuse. An obstacle is

a mismatch b et w een the structure of the solution stored in the recorded ex-

p erience and the structure of the desired (but unkno wn) solution to a new
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problem. As noted ab o v e, deriv ational analogy algorithms ha v e t ypically

b een applied to domains where problem solving pro ceeds b y problem de-

comp osition. In suc h domains, the goals addressed in the pro cess of solving

a problem form an and-tree structure, with subgoals represen ted as c hildren

no des of their sup ergoal. The top olo gy of suc h a goal tree is the structure

of the tree as determined b y its o v erall depth, its breadth at eac h lev el, and

the relationships b et w een the paren t and c hildren no des. When the desired

solution to the new problem matc hes the solution in the recorded exp eri-

ence, the t w o goal trees ha v e the same top ology , and corresp onding no des

represen t corresp onding goals. When the top ologies are not the same, a

mismatc h o ccurs and adaptation is required.

2.1 A testb ed for studying adaptation

In order to presen t concrete examples of the kinds of obstacles that a deriv a-

tional analogy algorithm encoun ters, this section in tro duces the domain of

automated metaphoric h uman in terface design, whic h is used as the testb ed

domain for comparing deriv ational analogy systems.

Brie
y , a metaphoric in terface is one that uses features from the real

w orld to presen t the app earance and b eha vior of the ob jects and op erations

that a computer application mak es a v ailable to the user. P erhaps the most

familiar metaphoric in terface is the desktop metaphor for op erating systems.

This in terface uses pictures of pieces of pap er to represen t �les, pictures of �le

folders to represen t directories, and animations of putting pictures of pieces

of pap er in to pictures of folders to represen t putting �les in to directories.

The domain of h uman in terface design has a n um b er of adv an tages as a

testb ed for comparing the v arious derviational analogy algorithms. Most im-

p ortan t for the purp oses of the empirical ev aluations, this domain exhibits a

large n um b er of mismatc hes among di�eren t in terface design problems, while

still retaining enough similarit y among problems that reuse is b ene�cial.

A second adv an tage of the in terface design domain is that the qualit y

of the solutions pro duced in this domain is sensitiv e to the order in whic h

goals are addressed. The reasons for this sensitivit y are discussed more fully

elsewhere [Blu90a ]; ho w ev er, one example in v olv es the design of dir e ct ma-

nipulation in terfaces [HHN86 ]. If an op eration in an in terface acts on an

en tit y that is displa y ed on the screen, it is often desirable to implemen t the

gesture for that op eration as a direct manipulation action on that en tit y . In

terms of automated in terface design, this requires that the screen area for

that en tit y b e allo cated b efore the in terface to the op eration is designed.
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Otherwise, a non-direct manipulation op eration will b e designed instead.

The implication of this sensitivit y for our empirical study of deriv ational

analogy algorithms is that the p erformance of the algorithms can b e mea-

sured not only in terms of autonom y and e�ciency , but also in terms of

solution qualit y (as discussed in section 5).

Ev en in domains that ha v e some formal criteria for correctness, solution

qualit y ma y b e an issue. While a circuit design can b e formally sho wn

to implemen t the logic giv en in a sp eci�cation, it cannot necessarily b e

formally sho wn to b e the b est circuit in terms of size, p o w er consumption,

heat dissipation, ease of man ufacturing, and so on.

T o illustrate the v ariet y of mismatc hes that arise among di�eren t in-

terface design problems, w e presen t t w o in terfaces generated b y MAID, a

from-scratc h problem solv er.

3

The in terfaces are for a simple data manager

application, whic h main tains a list of records, eac h of whic h has a name �eld,

an address �eld, and a phone n um b er �eld. In addition, the application al-

lo ws the user to add and delete records and bro wse through the records one

at a time, either forw ards or bac kw ards.

One metaphoric in terface that MAID designs for the data manager ap-

plication has some of the app earances and b eha viors of a note pad (�gure 2

sho ws the app earance of part of this in terface). This particular in terface

design presen ts the information in a data manager record in the w a y that

a name, address, and phone n um b er w ould canonically b e written at the

b ottom of a notepad page. T o create this design, MAID adds en tities to

the in terface corresp onding to notepad pages, the spine holding the pages

together, extra en tries for names, addresses, and phone n um b ers on the

notepad page, etc .

A second metaphoric in terface that MAID designs for the data manager

application uses the c haracteristics of a Rolo dex

4

to determine the app ear-

ance and b eha vior of the in terface. The design of this in terface uses the

app earance of the top Rolo dex card on a Rolo dex to presen t a data man-

ager record and in tro duces a n um b er of new en tities to the application,

including a spindle, a frame, and a face-do wn b ottom card (see �gure 3).

As ma y b e clear from a cursory glance at the note pad and Rolo dex

examples, there are a n um b er of di�erences b et w een the t w o in terface de-

signs. F or example, the spindle in the Rolo dex corresp onds to the spine

3

MAID is an acron ym for Metaphoric Application In terface Designer. It is describ ed

more fully elsewhere [Blu90b , Blu90a , Blu90c ].

4

Rolo dex is a trademark of the Rolo dex Compan y .
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Name

Address

Phone

Name

Address

Phone

Name

Address

Phone

Go Next Record

Go Prev. Record

Delete Record

Add Record

Quit

Figure 2: A MAID metaphoric in terface design for the data manager ap-

plication using c haracteristics from the note pad. Hashed lines indicate

mouse-sensitiv e regions.

<Name>

<Address>

<Phone>

Go Next Record

Go Prev. Record

Add Record

Delete Record

Quit

Figure 3: P art of the design of the in terface to the data manager application

using the Rolo dex metaphor.
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on the notepad, but the Rolo dex frame do es not corresp ond to an ything

in the notepad. If the Rolo dex design is used as the recorded exp erience

when designing the notepad in terface, then a deriv ational analogy algorithm

m ust adapt to this di�erence. Another example is the notepad page, whic h

do es not corresp ond to an ything in the Rolo dex-inspired in terface. Besides

adding an extra en tit y that m ust b e adapted to, the notepad page in tro duces

a di�eren t organization of the problem that m ust b e adapted to. The next

section en umerates the kinds of di�erences that a deriv ational analogy m ust

adapt to and giv es examples from the h uman in terface design domain.

2.2 T op ology mismatc hes { a bird's ey e view

Up on examining the top ologies of v arious solution trees, it b ecomes clear

that there are sev eral distinct kinds of mismatc hes o ccurring during the

reuse of recorded exp erience. F urthermore, the empirical evidence gathered

in the course of this researc h (rep orted in section 4) con vincingly argues that

a deriv ational analogy algorithm m ust b e sensitiv e to these di�erences if it

is to giv e the b est p erformance on an y but the most trivial applications of

deriv ational analogy . In particular, di�eren t strategies are necessary to cop e

with the v arious kinds of mismatc hes, and a strategy that is appropriate

for one kind of mismatc h ma y b e disastrously exp ensiv e when applied to a

di�eren t kind of mismatc h.

Lo oking at the complete solution trees for the recorded exp erience and

the new problem solution, there are essen tially three w a ys the t w o top ologies

can fail to matc h. There can b e goals in the new problem that fail to matc h

goals in the recorded exp erience, goals in the recorded exp erience that fail to

matc h goals in the new problem, and goals in b oth the recorded exp erience

and the new problem that fail to matc h goals in the other. These mismatc hes

are called detours , pr etours , and c ombinations resp ectiv ely .

There are a n um b er of w a ys these mismatc hes can manifest themselv es

b et w een di�eren t solution trees, some of whic h ma y not b e as straigh tforw ard

as the descriptions and diagrams presen ted here. Ho w ev er, the linear order

imp osed on the goals b y a sequen tial problem solv er mak es detours, pretours,

and com binations adequate for describing the mismatc hes encoun tered b y

a deriv ational analogy algorithm. Describing mismatc hes in terms of the

solution trees giv es a b etter picture of the di�culties in v olv ed in o v ercoming

these obstacles, and the linear order imp osed during sequen tial problem

solving collapses a n um b er of di�eren t solution tree mismatc hes in to the

categories describ ed in the next sections.
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In the discussion of mismatc hes, and in the implemen tations of repla y

algorithms describ ed in section 4, the matc h criteria is lo osely based on

BOGAR T's [MB87 ]. Tw o goals matc h if: 1) the goals are of the same

t yp e, 2) the goals address the same or similar en tities, and 3) the sup er-

goals of the t w o goals satisfy conditions 1) and 2). Determining whether

the t w o en tities b eing addressed are similar is a domain-sp eci�c problem.

In the MAID domain of metaphoric h uman-computer in terface design, t w o

en tities are similar if they are instances of the same class of en tit y or if there

is a metaphoric mapping b et w een the t w o en tities. Metaphoric mappings

are either giv en b y the designer as part of the initial problem statemen t, or

established b y the MAID design rules (for a detailed discussion of ho w MAID

automatically establishes new mappings see [Blu90c, Blu90b , Blu90a].

2.2.1 Detours

When a new problem con tains goals that do not corresp ond to an ything in

the recorded exp erience, these goals are referred to as detours. Since nothing

in the exp erience indicates when or ho w these goals should b e addressed,

the deriv ational analogy program m ust notice these new goals and address

them appropriately .

In practice, there are t w o kinds of detours that ma y b e encoun tered.

The less troublesome of the t w o is a horizontal detour whic h o ccurs when

the extra goal in the new problem is a sibling of a goal that matc hes some

goal in the recorded exp erience (see �gure 4).

As an example, in the note pad design, MAID addresses the goal of

designing the note pad spine b efore it addresses the goals for the v arious

op erations (goals of addressing ob jects are usually c hosen b efore goals of

addressing op erations so that direct manipulation op erations can b e imple-

men ted). When this design is used as the recorded exp erience to solv e the

Rolo dex design problem, a horizon tal detour is encoun tered. The goal of

designing the Rolo dex spindle matc hes the goal of designing the note pad

spine, but the goal of designing the Rolo dex frame do es not matc h an y goal

on the retriev ed exp erience.

If a deriv ational analogy algorithm fails to recognize this sort of detour,

then the extra goal and all of its descendan ts ma y not b e addressed at all.

If they are ev en tually noticed ( e.g. , as goals left unaddressed after reuse has

�nished), they will ha v e to b e addressed in some other w a y ( e.g. , b y calling

on a p erson or calling on a from-scratc h problem solv er). It can b e argued

that lea ving suc h goals unaddressed is a reasonable course of action for

10



A

B C

A'

B' C' X

Recorded Experience Current Episode

Figure 4: A sc hematic description of a horizon tal detour. The goal (or set

of goals) mark ed X in the new problem do es not corresp ond to an ything in

the recorded exp erience.

a deriv ational analogy algorithm since nothing in the exp erience indicates

ho w suc h goals should b e handled. Ho w ev er, dep ending on the nature of

the domain, this strategy of ignoring horizon tal detours ma y ha v e adv erse

e�ects on the qualit y of the resulting problem solution (as describ ed brie
y

in section 5 and in detail elsewhere [Blu90a]).

A more troublesome kind of detour is the vertic al detour . Lik e a hor-

izon tal detour, this sort of detour o ccurs when there are some extra goals

in the new problem that do not corresp ond to an ything in the recorded

exp erience. The di�erence is that in a v ertical detour these new goals are

spliced b et w een a paren t goal and its subgoals in the recorded exp erience

(see �gure 5).

An example of a v ertical detour is encoun tered when the Rolo dex design

is used as the recorded exp erience for the note pad design. The goal of

designing an en try on the notepad corresp onds to the goal of designing a

Rolo dex card (since a notepad en try and Rolo dex card b oth record one

name, address, and phone n um b er). Ho w ev er, these goals are not aligned in

the solution trees, as sho wn in �gure 6.

The reason that v ertical detours are more di�cult to handle is that

the in terv ening, unmatc hed goals in the new problem m ust b e addressed
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A

B C

A'

B' C'

X

Recorded Experience Current Episode

Figure 5: A sc hematic description of a v ertical detour. The goal (or set of

goals) mark ed X in the new problem do es not corresp ond to an ything in the

recorded exp erience.
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design 
notepad

design
notepad
entry

. . .

. . .

New ProblemRecorded Experience

. . .

design
notepad
page

design
Rolodex

design 
Rolodex
card

Figure 6: An example of a mismatc h b et w een the solution trees for designing

records with a Rolo dex in terface v ersus a notepad in terface. The goal of

designing a note pad page do es not corresp ond to an ything in the Rolo dex

design.
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(someho w) in order to spa wn the goals b elo w the detour that do corresp ond

to goals in the recorded exp erience. In the example ab o v e, the goal of

designing the note pad en try is not added to the list of p ending goals un til

the goal of designing the note pad page is addressed. If a v ertical detour is

not addressed, it ma y blo c k the app earance of a large n um b er of goals in the

new problem that could b e addressed b y deriv ational analogy . In addition,

it should b e emphasized that the n um b er of goals in a detour, as w ell as

an y other mismatc h, is arbitrary . There can b e a large n um b er of goals that

m ust b e addressed b y the adaptation mec hanism b efore deriv ational analogy

can resume.

2.2.2 Pretours

If the recorded exp erience con tains goals that do not matc h an y goals that

o ccur in the new problem, suc h goals are referred to as pr etours

5

(see �g-

ure 7). Since these goals cannot b e reused to address goals in the new

problem, it is up to the deriv ational analogy algorithm to skip these goals

and con tin ue reuse at some appropriate later p oin t.

An example of a pretour o ccurs when the note pad design is used as

the recorded exp erience for the Rolo dex design, that is, when the roles are

rev ersed from the previous example of a v ertical detour. In this case, the

goal of designing a note pad page (from the recorded exp erience) m ust b e

ignored. If there w ere alw a ys just one in terv ening goal, then simply skipping

a goal migh t b e an e�ectiv e adaptation metho d. Ho w ev er, as there ma y b e

man y in terv ening goals, a deriv ational analogy algorithm needs an e�cien t

w a y of determining ho w man y goals to skip.

Although, tec hnically , there are horizon tal and v ertical pretours in the

same sense that there are horizon tal and v ertical detours, in practice there is

essen tially no di�erence b et w een the t w o. In b oth cases, goals in the recorded

exp erience m ust b e ignored, and since goals in the recorded exp erience are

considered in a linear order, they can b e ignored in the same w a y . This is

an example of ho w the linear order imp osed b y a sequen tial problem solv er

can con
ate apparen tly di�eren t kinds of top ology mismatc hes in to a single

class for the purp oses of a deriv ational analogy adaptation algorithm.

5

This is a con traction of \previous detour," indicating that suc h goals are similar to

detours, but in the previously recorded exp erience.
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Figure 7: A sc hematic description of a pretour. The goal (or set of goals)

mark ed X in the recorded exp erience do es not corresp ond to an ything in the

new problem.
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2.2.3 Com binations

When b oth a pretour in the recorded exp erience and a detour in the new

problem exist at the same time, the situation is referred to as a c ombina-

tion (see �gure 8). Com binations are esp ecially di�cult to adapt to b ecause

they are di�cult to distinguish from pretours and detours, and man y of the

strategies that w ork for pretours and detours are not e�ectiv e for com bina-

tions (see section 2.3).

One example of a com bination o ccurs when the Rolo dex in terface design

is used as the recorded exp erience for the note pad in terface. The goals for

designing the Rolo dex frame constitute a pretour. In addition, the goals for

designing the note pad page constitute a v ertical detour, and the goals for

designing the top en try on the note pad page constitute a horizon tal detour.

Th us, com binations can include pretours and b oth v ertical and horizon tal

detours.

If a com bination is assumed to b e a detour, and goals are addressed

someho w in the new problem, then the extra goals in the recorded exp erience

are nev er skipp ed. Reuse is nev er resumed b ecause the goal in the recorded

exp erience that the system is attempting to reuse do es not corresp ond to

an y goal in the new problem.

If a com bination is assumed to b e a pretour, and goals in the recorded

exp erience are skipp ed, then the detour is nev er adapted to, and none of

the goals in the detour, or the goals that migh t b e spa wned b y goals in

the detour, are ev er addressed. T o successfully adapt to a com bination

mismatc h, a deriv ational analogy algorithm m ust ignore the goals making

up the pretour and someho w address the goals making up the detour.

2.3 T op ology mismatc hes { what the algorithm sees

While mismatc hes are b est describ ed in terms of complete solution trees,

during reuse, a deriv ational analogy algorithm do es not ha v e the en tire so-

lution tree to examine. This section brie
y describ es the information that

a deriv ational analogy algorithm has a v ailable to determine what kinds of

mismatc hes are encoun tered and ho w to adapt to them during the course of

reusing a recorded exp erience.

In the case of v ertical detours, pretours, and com binations, all the algo-

rithm can determine initially is that no goal in the new problem appropri-

ately matc hes the goal selected from the recorded exp erience. This is what

mak es these kinds of mismatc hes di�cult to distinguish and di�cult to adapt

16



A'

B' C'

X

A
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Recorded Experience Current Episode

Y

Figure 8: A sc hematic description of a com bination mismatc h. The goal (or

set of goals) mark ed X in the recorded exp erience do es not corresp ond to

an ything in the new problem, and the goal (or set of goals) mark ed Y in the

new problem do es not corresp ond to an ything in the recorded exp erience.
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to. As adaptation progresses, ho w ev er, a su�cien tly sensitiv e algorithm can

distinguish, and appropriately adapt to, eac h kind of mismatc h.

In the case of horizon tal detours, an appropriate pro cedure for matc hing

goals from the recorded exp erience to goals in the new problem can detect

suc h mismatc hes b y selecting more than one goal from the new problem.

Ho w ev er, it is up to the deriv ational analogy algorithm to handle suc h a

mismatc h in an appropriate fashion.

Most implemen ted deriv ational analogy algorithms do not distinguish

v arious kinds of mismatc hes and, therefore, only use one approac h to adap-

tation regardless of the t yp e of mismatc h b eing faced. When one of these

algorithms successfully adapts to mismatc hes, it is b ecause the algorithm's

approac h is fortuitously appropriate for the mismatc hes encoun tered. When

an approac h is not appropriate for a giv en mismatc h, these deriv ational anal-

ogy algorithms ma y pro duce extremely ine�cien t results or fail to solv e the

new problem at all.

A deriv ational analogy algorithm that can distinguish v arious kinds of

top ological mismatc hes and apply di�eren t, appropriate approac hes to eac h

kind can pro duce more e�cien t, successful results. One suc h algorithm is

describ ed in section 3.5. The di�cult y faced b y suc h an algorithm is that

only incomplete information ab out the t yp e of mismatc h encoun tered is

a v ailable while the algorithm is solving a new problem.

3 Approac hes to adaptation in deriv ational anal-

ogy algorithms

Deriv ational analogy algorithms use t w o strategies to adapt a recorded ex-

p erience and a new problem to eliminate mismatc hes b et w een them. L o c al

adaptation refers to the strategy that the deriv ational analogy algorithm uses

when there is no goal in the new problem that appropriately corresp onds to

one particular goal in the recorded exp erience. R e c overy is the strategy that

the deriv ational analogy algorithm uses when it cannot �nd an appropriate

corresp ondence for any goal in the recorded exp erience.

T o sho w the range of lo cal adaptation and reco v ery strategies emplo y ed

b y curren t deriv ational analogy algorithms, �v e programs are presen ted here.

Eac h of these programs is describ ed in turn, with an analysis of the lo cal

adaptation and reco v ery strategies that it emplo ys.

6

6

Some of the programs describ ed here assume that their lo cal adaptation strategies are

su�cien t, and therefore do not explicitly include a separate reco v ery strategy .
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The �rst four programs ha v e b een describ ed in the literature and all

use the recorded exp erience to guide lo cal adaptation and reco v ery: the

BOGAR T/VEXED system of Mosto w and Barley [MB87 ], the extensions

to PR ODIGY done b y Carb onell and V eloso [CV88 , V el90], the PRIAR

system of Kam bhampati [Kam89b], and the w ork on in ternal analogy in the

con text of the RF ermi system done b y Hic kman [HL90].

The �fth one is the REMAID

7

system for reusing h uman in terface design

exp erience [Blu90a] and is one of the results of the researc h describ ed here.

REMAID em b o dies three no v el approac hes to the problem of adaptation and

reco v ery . First, it w as designed to distinguish the v arious kinds of top ology

mismatc hes describ ed in section 2 and to use di�eren t adaptation strategies

for eac h. Second, REMAID uses the state of the new problem, rather than

the recorded exp erience, to more e�cien tly and successfully guide adapta-

tion. Third, REMAID mak es no v el use of a searc h-based problem solv er

(in addition to other strategies) b oth to help distinguish v arious kinds of

mismatc hes and guide adaptation. Some of the other algorithms use some

sort of searc h-based problem solv er to handle parts of the new problem that

cannot b e addressed b y reusing the recorded exp erience, thereb y adapting to

detours. Ho w ev er, only REMAID uses suc h a problem solv er to help analyze

the di�erences b et w een the recorded exp erience and the new problem.

Sev en deriv ational analogy algorithms based on the v arious reco v ery and

adaptation strategies found in the literature ha v e b een implemen ted so that

they can all b e applied to a common domain. T ogether with REMAID, these

implemen tations ha v e b een used in the empirical ev aluations describ ed in

section 4 to determine the relativ e strengths and w eaknesses of eac h ap-

proac h. In order to test these approac hes in the same domain, namely that

of automated h uman in terface design, a n um b er of compromises had to b e

made among the v arious algorithms. Th us, while the implemen tations in-

spired b y approac hes in the literature are not complete reimplemen tations,

they faithfully em b o dy the applicable reco v ery and adaptation strategies

from the literature in a w a y that can b e meaningfully compared.

3.1 BOGAR T

The BOGAR T deriv ational analogy program records the design goals and

rules c hosen b y a h uman designer who is using the VEXED circuit design

program. T o solv e a new problem, the designer pro vides BOGAR T with an

7

REMAID is an acron ym for Repla ying Episo des of MAID. MAID is describ ed in

section 2.1.
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initial matc h b et w een a goal in the recorded exp erience and a goal in the

new problem. BOGAR T then applies the recorded goal c hoices and design

rules in the order in whic h they w ere recorded.

BOGAR T has the simplest lo cal adaptation strategy of the programs

presen ted here. When BOGAR T encoun ters a goal in the recorded exp eri-

ence that do es not corresp ond appropriately to an y goal in the new problem,

it simply skips the goal in the recorded exp erience and con tin ues with the

next goal in the recorded exp erience. After trying to reuse ev ery goal in the

recorded exp erience, BOGAR T returns to the top of the list of goals and

retries all of the recorded goals that failed to b e reused. The rationale for

this is that a goal ma y not ha v e b een reused b ecause of a constrain t vio-

lation that w as repaired b y addressing a later goal. BOGAR T rep eats this

pro cess un til it tries to reuse ev ery goal remaining in the recorded exp erience

without success.

BOGAR T's adaptation strategy is to simply skip goals in the recorded

exp erience that do not matc h a goal in the new problem. This strategy is

adequate for addressing pretours, since it can e�ectiv ely ignore an y goals in

the recorded exp erience that do not corresp ond to goals in the new problem.

Ho w ev er, BOGAR T dep ends on the user to address detours man ually and

to restart reuse.

BOGAR T's reco v ery strategy is equally simple. When it has made a

pass through the recorded exp erience and none of the goals can b e reused,

BOGAR T simply halts and w aits for the user to pro vide it with a new

recorded exp erience.

HOBAR T

8

is an implemen tation of the BOGAR T approac h to adapta-

tion and reco v ery . HOBAR T skips an y goal in the recorded exp erience that

cannot b e reused to address a goal in the new problem. It con tin ues to cycle

through the list of goals in the recorded exp erience un til none of them can

b e reused to address a goal in the new problem, and then it halts.

3.2 PR ODIGY extensions

P art of the PR ODIGY system is a program for doing matrix manipula-

tions suc h as Gaussian elimination. Carb onell and V eloso's extensions to

the PR ODIGY system [CV88 ] reuse a recorded exp erience that includes

information ab out eac h goal that w as selected, suc h as

8

Hobart is a registered trademark of the Hobart F o o d Mac hinery Compan y . The names

of the implemen tations w ere c hosen for purely arbitrary reasons.

20



� what ob jects in the problem the goal op erated on ( e.g. , what ro w of

the matrix is op erated on),

� what step of the problem the goal addressed ( e.g. , scale a ro w),

� the order in whic h the goals w ere addressed,

� the rule c hoices that pro duced the solution,

� the v ariable bindings that w ere used when instan tiating a problem

solving rule, and

� the justi�cations for eac h of these decisions.

During reuse, the PR ODIGY system selects a goal in the new problem

that matc hes the next goal in the recorded exp erience. It then c hec ks that

the v arious justi�cations in the recorded exp erience are still v alid for the

goal in the new problem. If the justi�cations still hold, the recorded rule

is applied and reuse con tin ues. If the justi�cations no longer hold, then

PR ODIGY follo ws what Carb onell and V eloso call the satis�cing appr o ach .

This in v olv es either establishing the curren t goal b y other means, or patc hing

the mismatc h that caused reuse to fail b y adding the creation of the patc h

as a new goal.

One w a y of implemen ting this approac h is as a lo cal adaptation strategy

that w ould try di�eren t rules than the one recorded to see if one can b e

found to address the curren t goal in the new problem. This lo cal adaptation

strategy can adapt to a limited class of com bination mismatc hes (those where

there are the same n um b er of goals in b oth the recorded exp erience and the

new problem, and simply using di�eren t rules is su�cien t adaptation).

A second w a y of implemen ting this approac h is as a reco v ery strategy

that w ould call on some other from-scratc h problem solving program to

address one goal in the new problem when the deriv ational analogy algorithm

has failed to reuse all of the goals remaining in the recorded exp erience. Then

the algorithm could attempt to restart reuse. This w ould adapt to v ertical

detours and an y horizon tal detours that are detected.

T o test these strategies, three algorithms w ere constructed b y imple-

men ting the t w o metho ds outlined ab o v e and adding them to the basic

HOBAR T algorithm, b oth separately and together (recall that HOBAR T

uses an adaptation strategy of skipping a goal and trying the next one).

The implemen tation of HOBAR T with the PR ODIGY-inspired adapta-

tion strategy (alternate problem solving rules) is called \PR OBAR T." The
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implemen tation that has the reco v ery strategy (select and address one goal

with a problem solving system) is called \POSSIBL Y." The implemen ta-

tion with b oth the adaptation strategy and the reco v ery strategy is called

\PR OBABL Y."

3.3 PRIAR

T ec hnically , Kam bhampati's PRIAR system [Kam89b] is closer to an imple-

men tation of Gen tner's structural analogy ideas [Gen83 ] than to an imple-

men tation of a deriv ational analogy algorithm. In particular, PRIAR tries

to determine what part of the recorded solution, rather than the solution

pro cess, is applicable and tries to mo dify the solution to �t the new problem.

Ho w ev er, it exhibits a relev an t reco v ery strategy .

The from-scratc h problem solv er for PRIAR is a non-linear planner. The

reuse comp onen t uses a validation structur e to formally determine whic h

steps from the recorded plan are needed, and whic h goal conditions in the

new problem m ust b e solv ed b y new steps added b y the PRIAR reco v ery

mec hanism [Kam89a ]. This reco v ery mec hanism repairs the recorded plan b y

taking an y goal conditions in the new problem that are left unsatis�ed b y the

plan in the recorded exp erience and p osting them as new goals. These new

goals are then addressed b y the same non-linear planner that pro duced the

recorded plan. PRIAR's reco v ery strategy is in teresting in that it addresses

detours b y using the same from-scratc h problem solv er that generated the

recorded exp erience. The PRIAR system do es not p erform lo cal adaptation

in the course of problem solving; the purp ose of the v alidation structure is to

determine exactly whic h steps in the recorded exp erience should b e reused

and whic h should b e eliminated.

PRIAR's reco v ery strategy inspired t w o implemen tations that use a

from-scratc h problem solv er to address an y goals left unaddressed in the new

problem without attempting to restart reuse. The �rst, called \BRIAR,"

uses the HOBAR T algorithm un til there are no more goals in the recorded

exp erience that can b e used on existing goals in the new problem, and then

it in v ok es a from-scratc h problem solv er to address an y lefto v er goals. Un-

lik e the PR ODIGY-inspired systems, the PRIAR-inspi red reco v ery strategy

do es not try to restart reuse when new goals ha v e b een added to the new

problem agenda b y the from-scratc h problems solv er. The second algorithm,

called \PYRE," uses the PR ODIGY-inspired adaptation strategy (using al-

ternate problems solving rules) and the PRIAR-inspired reco v ery strategy

(using the from-scratc h problem solv er to �nish solving the problem).
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A lgorithm A daptation Str ate gy R e c overy Str ate gy

HOBAR T Skip goal Halt

PR OBAR T Alternate problem Halt

solving rule

POSSIBL Y Skip goal F rom-scratc h problem solv er for one goal;

restart reuse

PR OBABL Y Alternate problem F rom-scratc h problem solv er for one goal;

solving rule restart reuse

BRIAR Skip goal F rom-scratc h problem solv er

for all remaining goals

PYRE Alternate problem F rom-scratc h problem solv er

solving rule for all remaining goals

T able 1: Summary of algorithms tested: strategy for adapting to single

recorded rule failures, and strategy for reco v ering when the recorded exp e-

rience can suggest no more goals.

T able 1 summarizes the strategies used b y the six implemen tations de-

scrib ed so far. There are t w o lo cal adaptation strategies: simply skip the

recorded goal and try it later or use alternate problem solving rules. There

are three reco v ery strategies: halt, use a from-scratc h problem solv er for

one goal then restart reuse, or use a from-scratc h problem solv er for all

remaining goals.

3.4 In ternal analogy

The w ork of Hic kman and her colleagues uses tec hniques from deriv ational

analogy to impro v e p erformance without ha ving to resort to a previous prob-

lem [HL90 ]. This approac h is referred to as internal analo gy and dep ends

on regularities within the problems in a domain to allo w solutions to sub-

problems to b e reused during the course of solving a single larger problem.

Hic kman's program determines if a set of problem solving steps is ap-

propriate to reuse b y calculating the information c ontent of the original

subproblem and comparing that to the information con ten t of the new sub-

problem. The information con ten t of a subproblem is a measure of the

n um b er of b ound v ariables in the left hand side of the rule addressing the

subproblem. Hic kman has sho wn some preliminary success with a program

that simply uses the information con ten t metric to determine whic h previous
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subproblem solutions can b e reused.

Lik e PRIAR, Hic kman's program do es reco v ery b y simply using its from-

scratc h problem solv er, the RF ermi program. There is no explicit reco v ery

strategy here; in the course of doing problem solving, this program either

�nds appropriate goals to b e reused, or it do es not. If there are no more

appropriate goals to b e reused, the RF ermi program simply �nishes the

problem solution.

The approac h tak en from Hic kman's in ternal analogy algorithm is the

strategy of using the list of addressed goals in a problem as the source

for reusable exp erience. An algorithm em b o dying this strategy w as imple-

men ted (in a program called LASH) to determine the viabilit y of in ternal

analogy in the domain used for the empirical ev aluations. Instead of lo oking

at a separate recorded problem solving exp erience, LASH uses the list of

addressed goals as its recorded exp erience. LASH uses the same adapta-

tion and reco v ery strategies as the REMAID system (describ ed in the next

section).

3.5 REMAID

Unlik e the other algorithms describ ed and implemen ted here, REMAID w as

designed with top ology mismatc hes in mind; where p ossible, its strate-

gies distinguish the v arious mismatc hes and adapt to them appropriately

[Blu90a]. REMAID's capabilit y to distinguish and adjust to detours, pre-

tours, and com binations allo ws it to e�cien tly con tin ue reuse when mis-

matc hes b et w een the recorded exp erience and the new problem are found.

The REMAID adaptation strategy is based on the philosoph y that the

new problem, not the recorded exp erience, should b e used to guide adap-

tation when mismatc hes o ccur. One w a y that this philosoph y manifests

itself is that REMAID, unlik e other deriv ational analogy algorithms, do es

not striv e to conform to the ordering of goals in the recorded exp erience.

Instead, REMAID dynamically reorders its recorded exp erience in resp onse

to mismatc hes, in a fashion that is sensitiv e to the state of the new prob-

lem. Whereas other algorithms try to mak e the new problem as similar to

the recorded exp erience as p ossible, REMAID mo di�es its recorded exp e-

rience, not the new problem, to adapt to di�eren t kinds of mismatc hes in

appropriate w a ys. Put more informally , when REMAID is confron ted with

a mismatc h, it steps bac k and tak es a fresh lo ok at the new problem to

determine ho w to pro ceed.

By con trast, BOGAR T follo ws the ordering of goals in its recorded ex-
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p erience as closely as p ossible. The adaptation strategies that PR ODIGY

pursues fo cus on adapting the new problem so that as m uc h of the recorded

exp erience as p ossible can b e reused, includin g the ordering of goals. Al-

though not sp eci�cally concerned with goal ordering, PRIAR concen trates

on reusing as man y of the plan steps in its recorded exp erience as p ossible.

In these other algorithms, this adherence to the recorded exp erience during

reuse mak es it di�cult to distinguish and e�cien tly adapt to v arious kinds

of mismatc hes.

The philosoph y of attending to the new problem to guide adaptation

is implemen ted in REMAID b y calling on a from-scratc h problem solv er in

a unique fashion. Lik e RF ermi and PR ODIGY, REMAID can use a from-

scratc h problem solv er to handle detours b y addressing goals that cannot

b e addressed b y reusing recorded exp erience. Ho w ev er, unlik e other deriv a-

tional analogy systems, REMAID also uses the from-scratc h problem solv er

to select goals from the new problem that are used as a guide to distinguish

and e�cien tly adapt to the v arious kinds of mismatc hes. Th us, REMAID

uses a from-scratc h problem solv er not only to w ork more autonomously

(since goals that cannot b e addressed via reuse can still b e addressed with-

out the aid of a h uman exp ert), but also to b e more sensitiv e to the new

problem b y determining what to attend to when mismatc hes o ccur.

As with the sections describing the other programs, the rest of this sec-

tion concen trates on the adaptation and reco v ery strategies implemen ted in

the REMAID system. REMAID follo ws the cycle of selecting and address-

ing goals describ ed in section 1. In particular, REMAID selects a goal to

b e addressed b y c ho osing a goal to b e reused from the recorded exp erience

and reusing the recorded rationale to select a goal (or goals) from the new

problem. Then it analyzes its selection using b oth the similarit y criteria

(common to all of the algorithms describ ed here) and the preconditions of

the problem solving rules applied to the goal from the recorded exp erience.

There are three situations that this analysis can immediately detect.

In the simplest case (�gure 9, case 1), REMAID selects only one similar

goal from the new problem, and the recorded problem solving information

is appropriate for addressing that goal. In this case, there is no mismatc h;

REMAID assumes that the new problem is similar enough to the recorded

exp erience that no adaptation is needed, and reuse con tin ues.
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3.5.1 Horizon tal detours

A sligh tly more complex case o ccurs when REMAID selects more than one

goal, and the similarit y criteria and recorded problem solving information

are successfully applied to at least one of those goals. In this case (�gure 9,

case 2), there is a horizon tal detour; REMAID assumes that either new

goals or di�eren t c haracteristics are presen t in the new problem that w ere

not in the recorded exp erience. The presence of a goal that actually do es

matc h the goal from the recorded exp erience, along with some extra goals,

indicates that the mismatc h is a horizon tal detour.

In this situation, REMAID m ust �rst determine whic h of the extra goals

selected are new goals and whic h of the extra goals corresp ond to other goals

in the recorded exp erience that ha v e di�eren t c haracteristics that cause them

to b e c hosen at di�eren t times. REMAID do es this b y matc hing eac h of the

extra goals against the un used goals left in the recorded exp erience.

9

An y

goal that matc hes some other goal in the recorded exp erience is assumed to

ha v e some di�eren t c haracteristics in the new problem that cause it to b e

selected in the new problem ev en though it w as not c hosen in the recorded

exp erience. These goals are not immediately addressed on the assumption

that they will b e addressed when the matc hing goal in the recorded exp e-

rience reac hes the fron t of the list of recorded goals. The rationale is that

there ma y b e some di�erence b et w een the recorded exp erience and the new

problem, but that the selection of a matc hing goal from the new problem

indicates that the di�erence is not substan tial enough to w arran t c hanging

the order in whic h the goals are addressed.

An y extra goals that do not matc h a goal in the recorded exp erience

are assumed to b e part of a horizon tal detour. REMAID �rst addresses the

goal corresp onding to the one that w as c hosen in the recorded exp erience,

then REMAID addresses the goals in the horizon tal detour b y calling on

a from-scratc h problem solv er. The recorded goal is remo v ed from the re-

corded exp erience, and reuse con tin ues with the next goal in the recorded

exp erience.

3.5.2 V ertical detours, pretours, and com binations

The most complex case (�gure 9, case 3) o ccurs when the REMAID algo-

rithm selects zero or more goals and the recorded problem solving informa-

9

This is not as exp ensiv e as it ma y sound. In particular, since no new goals are ev er

added to the recorded exp erience, the goals recorded there can b e e�cien tly indexed.
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Basic Op erations:

PS-SELECT: The from-scratc h problem solv er's goal selection pro cedure.

PS-ADDRESS: The from-scratc h problem solv er's pro cedure for

addressing a goal.

R-SELECT: Select a goal using rationale from recorded exp erience.

R-FIL TER: Chec k goals c hosen b y R-SELECT using similarit y and

precondition c hec ks (returns one or zero goals).

RECOGNIZE-AS-UNUSED: Searc h un used goals in recorded exp erience and

determine that goal selected from new problem matc hes one.

R OT A TE-UNUSED: Reorder goals in recorded exp erience so that

selected goal is �rst.

REMAID algorithm:

Case:

1. R-SELECT c ho oses one goal and

R-FIL TER passes that goal: (no mismatch)

Reuse goal; no adaptation needed.

2. R-SELECT c ho oses more than one goal and

R-FIL TER passes one goal: (horizontal detour)

Reuse goal to address goal passed b y R-FIL TER;

F or eac h goal, G, c hosen b y R-SELECT

and not passed b y R-FIL TER:

If RECOGNIZE-AS-UNUSED G

then Ignore G (G will b e addressed later).

else PS-ADDRESS G.

3. R-SELECT c ho oses zero or more goals and

R-FIL TER passes zero goals: (vertic al detour, pr etour, or c ombination)

Goal := PS-SELECT;

If RECOGNIZE-AS-UNUSED Goal (pr etour)

then R OT A TE-UNUSED Goal and resume reuse.

else

Lo op

PS-ADDRESS Goal;

Goal := PS-SELECT;

If RECOGNIZE-AS-UNUSED Goal (vertic al detour or c ombination)

then R OT A TE-UNUSED Goal;

break (resume reuse).

else con tin ue lo op;

Figure 9: The REMAID deriv ational analogy algorithm.
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tion is not appropriate for an y of the goals selected. As noted in section 2.3,

from this information alone, it is imp ossible to tell whether the mismatc h

is a v ertical detour, a pretour, or a com bination. A t this p oin t REMAID

has to pursue a strategy that is 
exible enough to adapt to eac h kind of

mismatc h in an appropriate w a y .

As noted earlier, the philosoph y b ehind the REMAID adaptation strat-

egy is that the new pr oblem , not the recorded history , should determine ho w

adaptation should pro ceed. T o realize this adaptation strategy , REMAID

calls on the goal selection mec hanism of a from-scratc h problem solv er to

c ho ose a goal from the new problem to b e addressed. It then attempts to

use this goal as an index in to the list of goals in the recorded exp erience to

determine whic h goal should b e reused next. It do es this b y matc hing the

goal c hosen b y the from-scratc h problem solv er to the list of un used goals

in the recorded exp erience. If it �nds a matc h, then a pretour has b een

encoun tered, and the list of un used goals is rotated so that the matc hing

goal is at the fron t. The rationale for rotating the list of un used goals is

to restart reuse in the con text of the next appropriate goal. REMAID then

addresses the c hosen goal from the new problem, remo v es the matc hing goal

from the list of un used goals, and restarts reuse with the next goal in the

recorded exp erience. This strategy adapts to pretours b y reordering the

recorded exp erience to corresp ond to the state of the new problem.

If the matc h algorithm do es not �nd a matc h b et w een the goal c hosen b y

the from-scratc h problem solv er and some goal on the recorded exp erience,

then a v ertical detour or a com bination has b een encoun tered. In this case,

REMAID con tin ues b y letting the from-scratc h problem solv er c ho ose a rule

to address the c hosen goal. REMAID then calls the from-scratc h problem

solv er again to c ho ose another goal. This pro cess rep eats un til a matc h is

found b et w een the goal c hosen b y the from-scratc h problem solv er and some

goal on the recorded exp erience. If the matc h ev en tually found in v olv es the

�rst un used goal on the recorded exp erience, then the mismatc h is a v ertical

detour.

If the matc hing goal ev en tually found b y the from-scratc h problem solv er

in v olv es a goal other than the one on the fron t of the recorded exp erience,

then a com bination of pretours and detours has b een encoun tered. The

adaptation strategy uses the from-scratc h problem solv er to address the

goals in the detour comp onen t of the com bination in the fashion describ ed

ab o v e for v ertical detours. As the from-scratc h problem solv er c ho oses eac h

goal, this strategy uses that goal as an index in to the list of goals in the

recorded exp erience in an attempt to adapt to the pretour comp onen t of the
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com bination in the manner describ ed ab o v e for adapting to pretours.

Because REMAID w as dev elop ed with an analysis of top ology mis-

matc hes in mind, it can e�ectiv ely distinguish and adapt to di�eren t kinds

of mismatc hes b et w een the recorded exp erience and the new problem. The

strategy inspired b y this analysis is to use the new problem rather than

the recorded exp erience to guide adaptation when a mismatc h o ccurs. Lik e

other deriv ational analogy algorithms, REMAID uses a from-scratc h prob-

lem solv er to address goals that cannot b e addressed b y reusing goals from

the recorded exp erience. Ho w ev er, unlik e other algorithms, REMAID also

uses a from-scratc h problem solv er to select goals that can b e used to guide

the mo di�cation of the recorded exp erience to adapt to mismatc hes.

The app endix presen ts a detailed example of REMAID's handling of a

mismatc h that arises during repla y .

4 Empirical ev aluation

This section presen ts empirical data demonstrating the p erformance of RE-

MAID and the other implemen ted strategies for adaptation and reco v ery

when applied to problems in the domain of automated h uman in terface

design. The data collected supp ort sev eral h yp otheses. Some are unsurpris-

ing: deriv ational analogy is generally an e�ectiv e tec hnique, and increased


exibilit y in adapting recorded exp erience to new problems increases b oth

e�ciency and autonom y . More informativ ely , the data also indicate that

calling a from-scratc h problem solv er to help adapt to mismatc hes can b e a

successful strategy , but that there ma y b e a trade-o� b et w een e�ciency and

autonom y unless the execution of the deriv ational analogy program and the

execution of the from-scratc h problem solv er are in telligen tly in terlea v ed.

4.1 The exp erime n t

All of the programs in this exp erimen t use in terface design problems solv ed

b y the MAID program for their recorded exp eriences. The MAID pro-

gram is curren tly capable of designing �v e in terfaces to the data manager

application.

10

Since eac h design can b e used as the recorded exp erience for

an y other design, there are 25 p ossible deriv ational analogy problems, in-

cluding �v e trivial cases where the same in terface is designed in b oth the

10

This is limited b y the amoun t of kno wledge en tered ab out real-w orld en tities in the

kno wledge base, not b y an y inheren t limitations of the MAID program.
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recorded exp erience and the new problem.

Of the eigh t implemen tations presen ted in section 3, sev en reuse exp eri-

ence recorded while solving one problem to help solv e a di�eren t problem. In

this section, the implemen tations based on strategies in the literature (HO-

BAR T, PR OBAR T, POSSIBL Y, PR OBABL Y, BRIAR, and PYRE, sum-

marized in table 1) are referred to as \the basic six" deriv ational analogy

algorithms; the sev en th program is REMAID. These sev en programs w ere

run on all 25 deriv ational analogy problems. Data w ere collected from the

20 non-trivial cases on the total amoun t of e�ort exp ended in solving eac h

problem, the prop ortion of eac h problem addressed b y reusing recorded exp e-

rience, and the prop ortion of e�ort that w as useful in solving eac h problem.

11

The eigh th program is an implemen tation of the strategy in Hic kman's in-

ternal analogy approac h, whic h reuses goals within the new problem. This

algorithm w as run on all �v e designs, and similar statistics w ere gathered.

Those programs (POSSIBL Y, PR OBABL Y, BRIAR, and PYRE) that

rely on a from-scratc h problem solv er used MAID.

4.2 Results: autonom y

T able 2 quan ti�es the autonom y of the v arious programs, that is, the amoun t

of the new problem that eac h program addresses through reuse, rather than

through from-scratc h problem solving. F or eac h program, the data in this

table sho w the a v erage prop ortion of the 20 deriv ational analogy problems

that w as addressed through reusing recorded exp erience and ho w m uc h w as

addressed b y calling a from-scratc h problem solv er. The programs are sorted

in increasing order of autonom y , with MAID b eing the least autonomous

in terms of reuse (since it solv es the en tire problem through from-scratc h

problem solving).

The data presen ted here indicate that, in terms of autonom y , the PR ODIGY-

inspired reco v ery strategy

12

as exempli�ed b y POSSIBL Y is ab out as e�ec-

tiv e as the PR ODIGY-inspired lo cal adaptation strategy

13

as exempli�ed

b y PR OBAR T and PYRE. T ak en together, the t w o strategies increase au-

tonom y still more. By b eing sensitiv e to the di�eren t kinds of mismatc hes,

11

Because of irrelev an t tec hnical details, meaningful CPU times w ere una v ailable. In-

stead, coun ts of the n um b er of goals addressed and the n um b ers of rules used and reused

w ere collected.

12

Exhaust all reusable goals, address a goal with the from-scratc h problem solv er, then

try reuse again.

13

T ry alternate problem solving rules eac h time a mismatc h o ccurs and attempt to start

reuse again immediately .
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Pr o gr am % Of T otal Go als A ddr esse d

% A ddr esse d By R euse % A ddr esse d By MAID

MAID 0% 100%

LASH 20 80

HOBAR T 43 0

BRIAR 43 57

PR OBAR T 63 0

PYRE 63 37

POSSIBL Y 64 36

PR OBABL Y 75 25

REMAID 76 24

T able 2: Autonom y results for eac h of the programs when run on 20 deriv a-

tional analogy problems (note that HOBAR T and PR OBAR T do not alw a ys

�nish solving the problems).

particularly horizon tal detours, the REMAID algorithm is able to p erform

as w ell as the b est algorithms in terms of autonom y .

The results for the strategy of simply skipping an y goals that are not

reusable, as exempli�ed b y HOBAR T and BRIAR, indicate the n um b er of

reusable goals b etwe en pr oblems that are easily found in this domain. Finally ,

the LASH program uses the same adaptation strategies as REMAID; its p o or

p erformance is simply due to the lac k of regularit y within problems in the

in terface design domain.

4.3 Results: e�ciency

Since one goal of reusing recorded exp erience is to impro v e e�ciency , it

w ould b e plausible to infer that the most autonomous programs are also the

most e�cien t. Ho w ev er, this is not the case. T able 3 quan ti�es the a v erage

amoun t of e�ort that eac h program sp ends solving the in terface design prob-

lems, as w ell as the prop ortion of that e�ort that is pro ductiv e (as opp osed

to e�ort sp en t trying rules that are not applicable, etc. ) F or comparison, the

programs are again presen ted in order of increasing autonom y , along with

their place in order of e�ciency .

These data indicate the di�eren t amoun ts of autonom y , that is the dif-

feren t prop ortions of the new problem that can b e addressed b y reuse, af-

forded b y di�eren t in terlea ving strategies. In general, more goals in the
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T otal E�ort Useful E�ort

Pr o gr am Exp ende d Exp ende d E�ciency

(as a % of MAID's (as a % of T otal R ank

E�ort) E�ort)

MAID 100% 20% 5

LASH 112 18 6

HOBAR T 15 25 N/A

BRIAR 58 23 3

PR OBAR T 12 46 N/A

PYRE 35 28 2

POSSIBL Y 234 9 7

PR OBABL Y 83 11 4

REMAID 35 47 1

T able 3: E�ciency results for eac h of the programs when run on 20 deriv a-

tional analogy problems (note that HOBAR T and PR OBAR T do not alw a ys

�nish solving the problems, so their rank is omitted).

new problem are addressed through reuse when the en tire recorded exp e-

rience is re-examined ev ery time the from-scratc h problem solv er is called

to address a goal (as it is in the POSSIBL Y and PR OBABL Y algorithms).

Using this approac h, ho w ev er, it ma y b e v ery exp ensiv e to determine that

the from-scratc h problem solv er m ust b e called again, and the from-scratc h

problem solv er often m ust b e called sev eral times in a ro w. One w a y to

a v oid this ine�ciency is to abandon the recorded exp erience as so on as the

easily reusable goals are exhausted, as BRIAR and PYRE do; ho w ev er, this

sacri�ces autonom y .

The REMAID system uses the from-scratc h problem solv er not only to

address goals in the new problem, but also to pro vide guidance ab out ho w to

adjust the recorded exp erience. By in telligen tly in terlea ving reuse and calls

to a from-scratc h problem solv er, REMAID's adaptation strategy handles

mismatc hes b oth autonomously and e�cien tly .

REMAID's adv an tage o v er the other programs is not uniform across all

of the deriv ational analogy problems, though. A t one extreme, the basic

six programs exp end far less e�ort in the degenerate case where the same

design is used for b oth the recorded exp erience and the new problem.

14

On

14

The reason for this is that REMAID's approac h is capable of using one goal from the

recorded exp erience to select m ultiple goals from the new problem. While this strategy is
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the other hand, REMAID is m uc h more e�cien t at handling v ertical detours,

since the other strategies either halt reuse and turn to from-scratc h problem

solving or pursue a v ery exp ensiv e reco v ery strategy .

Giv en that there are crosso v er p oin ts b et w een the e�ciency of REMAID

and the e�ciency of other programs, it ma y sometimes mak e more sense to

use a simpler deriv ational analogy strategy when the recorded exp erience

and the new problem are v ery similar in size and top ology . Ho w ev er, de-

termining these crosso v er p oin ts is an empirical issue for eac h domain, and

it ma y b e imp ossible to tell ho w similar t w o problems are without actually

attempting reuse.

4.4 Finding the crosso v er p oin ts

T o further understand the p erformance of the v arious deriv ational analogy

programs, a second application w as describ ed in the MAID formalism and

used to run a set of exp erimen ts similar to those describ ed ab o v e. This appli-

cation allo ws users to bro wse through records of in v en tory that are c hec k ed

in or c hec k ed out, sp ecify a particular item to b e c hec k ed out, c hec k out an

item, or c hec k in an item. In addition to an in terface using no real-w orld

c haracteristics, three in terfaces w ere designed using c haracteristics from a

library ( e.g. , b o oks and shelv es), a ren tal car compan y ( e.g. , an express

c hec k-in form and drop b o x), and a video ren tal store ( e.g. , a mem b ership

card and c hec k-out form).

Since there are four p ossible in terface designs that MAID can pro duce

for the reserv ation application, there are 16 p ossible deriv ational analogy

problems including the four trivial cases of using the same design for b oth

the previous exp erience and the new problem. Three di�eren t descriptions

of this application w ere constructed em b o dying v arying degrees of similarit y

among the four p ossible in terfaces. As a result, the exp erimen ts determine

just ho w m uc h adaptation is required for the 
exibilit y of the REMAID

program to mak e up for the additional o v erhead of that algorithm.

4.5 Exp erime n tal conclusions

The data from the exp erimen ts using the reserv ation application are de-

scrib ed in detail elsewhere [Blu90a]. This section summarizes the main

capable of detecting horizon tal detours, it is also sligh tly more exp ensiv e than the other

approac hes. Generally , REMAID's e�ciency at adapting to mismatc hes out w eighs this

exp ense.
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conclusions.

Although there are cases where simpler deriv ational analogy programs

p erform more e�cien tly than REMAID, the more imp ortan t p oin t is that

REMAID sho ws m uc h less v ariance in e�ciency o v er the range of examples.

While it ma y not p erform as w ell as the simpler programs when there are

v ery few mismatc hes, the adv an tage of using the simpler programs in these

cases is not nearly as great as the adv an tage of using REMAID when there

are a larger n um b er of mismatc hes.

A rough calculation based on the empirical data indicates that if v ertical

detours are the only kind of mismatc h encoun tered, then REMAID gains the

adv an tage when the n um b er of extra goals it can reuse (compared to PYRE

and BRIAR) is ab out one-�fth of the total n um b er of goals. F urthermore,

the data indicate that if pretours are the only kind of mismatc h, then RE-

MAID gains the adv an tage when there are ab out t wice as man y goals in the

recorded exp erience as there are in the new problem. This situation ma y not

b e terribly common, but it do es o ccur, esp ecially if the exp erience recorded

while solving a design problem is reused while solving a subset of a similar

design problem.

4.6 Discussion

The foremost lesson of the empirical data is that in terms of e�ciency ,

deriv ational analogy is a successful tec hnique. Although some of the im-

plemen tations emplo y v ery simple adaptation and reco v ery strategies, all

but one of the programs using previous exp erience exp end less e�ort than

the MAID problem solv er. Ev en the simplest of the basic six deriv ational

analogy approac hes, HOBAR T, reuses o v er 40% of the design goals.

Most deriv ational analogy programs ha v e b een empirically tested against

some from-scratc h problem solv er, but v ery little empirical data ha v e b een

published that compare v arious approac hes in the same domain to deter-

mine their strengths and w eaknesses. The data presen ted here indicate that

a 
exible tec hnique for adapting to mismatc hes b et w een a recorded exp e-

rience and a new problem increases b oth the e�ciency and autonom y of

deriv ational analogy . F urther, using a from-scratc h problem solv er for re-

co v ery from mismatc hes is a promising tec hnique, but there is a trade-o�

b et w een e�ciency and autonom y unless a program can in telligen tly in ter-

lea v e reuse and calls to the from-scratc h problem solv er.

A n um b er of strategies em b o died in the REMAID program con tribute to

the e�ciency and autonom y of its design pro cess. By using the from-scratc h
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problem solv er to help guide the adaptation of the recorded exp erience, RE-

MAID can adapt to v ertical detours. Because REMAID can �nd more goals

to reuse than programs that cannot adapt to v ertical detours (and b ecause

REMAID is in telligen t ab out in terlea ving from-scratc h problem solving and

reuse), this additional autonom y also increases REMAID's e�ciency .

By using the from-scratc h problem solv er's goal selections as indices in to

the recorded exp erience to determine where reuse should b e restarted, RE-

MAID mo di�es the order of the recorded goals in resp onse to mismatc hes

b et w een the recorded exp erience and the new problem. In this w a y , RE-

MAID adapts to pretours more e�cien tly than other programs. By com-

bining this tec hnique with its strategies for handling detours, REMAID can

adapt to com binations that no single strategy can cop e with, thereb y im-

pro ving e�ciency and autonom y .

5 A fundamen tal limitation and a prop osal

The discussion th us far concen trates on the capabilities of the v arious deriv a-

tional analogy algorithms. This section fo cuses on a fundamen tal, inheren t

limitation of the deriv ational analogy tec hnique as it is curren tly b eing pur-

sued in the researc h. Simply put, the problem is ho w to in tegrate inno v ation

with the reuse of exp erience [Blu90a].

This is not an implemen tation problem, but rather a problem with the

fundamen tal b eha vior of deriv ational analogy . The reason for this is that the

deriv ational analogy tec hnique attempts to minimize problem solving e�ort

b y attempting to solv e a new problem in a w a y that is as similar to a recorded

exp erience as p ossible. The more closely a deriv ational analogy algorithm

follo ws its recorded exp erience, the more lik ely it is to o v erlo ok mismatc hes

b et w een the recorded exp erience and the new problem. Con v ersely , the more

sensitiv e the deriv ational analogy algorithm is to suc h mismatc hes, the less

e�cien t it will b e in reusing its exp erience.

An example migh t mak e this problem a bit clearer. In the BOGAR T/VEXED

system for circuit design [MB87 ], if the previous exp erience includes a goal

sp eci�cation lik e (NOT (EQUAL A B)), a designer migh t ha v e c hosen to

use the NOT-DECOMP rule to decomp ose this in to a mo dule implemen ting

(EQUAL A B) and an in v erter that tak es the the output of that mo dule as

input.

If a subsequen t circuit design problem con tains (NOT (AND A B)) in the

same con text, BOGAR T will successfully apply the same NOT-DECOMP
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rule whic h will decomp ose the goal in to a mo dule for (AND A B) and an

in v erter. Although this lo oks lik e a successful use of exp erience, a from-

scratc h design migh t ha v e preferred to use the NOT-AND-DECOMP rule,

whic h uses a NAND gate to implemen t goals of the form (NOT (AND : : : )).

This illustrates ho w a program migh t pro duce an inferior solution b y

concen trating on reusing past decisions without attending to the imp ortan t

di�erences b et w een the recorded exp erience and the new problem. In some

task domains, suc h as matrix manipulation, all correct answ ers are of equal

qualit y . Ho w ev er, in other task domains, suc h as h uman in terface design,

the path a designer tak es to a solution directly a�ects the qualit y of that

solution.

T o address this fundamen tal problem with deriv ational analogy , Car-

b onell [Car86 ] suggests pursuing an optimizing appr o ach (as opp osed to the

satis�cing approac h describ ed in section 3.2) b y ha ving the deriv ational anal-

ogy algorithm attend to the justi�cations for the decisions in the recorded

exp erience. When a decision in the recorded exp erience w as arbitrarily

made, he suggests exploring alternativ es in the new problem; when a deci-

sion led to a failing path, he suggests c hec king the reasons for failure to see

if they exist in the curren t situation.

The problems with pursuing the optimizing approac h are t w ofold. First,

in man y domains optimalit y is a global c haracteristic of a problem solution;

it cannot b e preserv ed b y simply attending to decision criteria that are lo cal

to eac h step [Kam90a ]. Ev en if a deriv ational analogy algorithm is giv en

optimal recorded exp erience, an y c hanges to that exp erience (suc h as the

c hanges necessary for adaptation to a new problem) ma y violate the global

optimalit y criteria, regardless of what lo cal criteria are attended to.

The second, more practical problem with pursuing the optimizing ap-

proac h is the cost in v olv ed. T o explore the paths that failed previously , a

deriv ational analogy algorithm m ust examine all of the preconditions that

caused a path to fail previously . The algorithm m ust also examine all of the

preconditions that succeeded previously , to v erify that none of them ha v e

b een rendered unsatis�able b y some mismatc h in the new problem. The

union of these sets of preconditions is exactly that set of preconditions that

a from-scratc h problem solv er w ould c hec k if deriv ational analogy w ere not

b eing used. Th us, ev en ignoring the exp ense of retrieving and matc hing a

recorded exp erience for reuse, the algorithm w ould not gain an y e�ciency

b y pursuing the optimizing approac h.

15

15

In the case where a failure detected in a subtree of a goal tree can b e propagated up
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T o o v ercome the fundamen tal limitation of deriv ational analogy , a pro-

gram m ust detect when a new problem di�ers from a recorded exp erience in

some signi�can t w a y and then adapt to these di�erences. Most curren t pro-

grams for deriv ational analogy ha v e simple approac hes to these t w o steps.

First, their criterion for deciding when a new problem di�ers from a recorded

exp erience is simply that reuse fails. This criterion ma y detect that a solu-

tion path is a dead end, but it will not detect that a solution path is not

optimal. Second, programs cop e with di�erences either b y skipping them or

calling a from-scratc h problem solv er.

W e prop ose an alternativ e in whic h the deriv ational analogy program

learns new rules of the form: \When y ou notice a particular di�erence b e-

t w een the recorded problem sp eci�cation and the new problem sp eci�cation,

and y ou encoun ter a particular kind of problem solving c hoice, then here are

some additional rules that y ou w an t to attend to, regardless of whether they

are in the recorded exp erience." These rules w ould augmen t, not replace,

the problem-solving kno wledge recorded in the program's prior exp erience.

Using these new kinds of rules, a deriv ational analogy program could b oth

detect di�erences b et w een problems that w ould not necessarily hinder reuse

and pro duce b etter qualit y solutions.

There are t w o represen tations that a program w ould need in order to

accomplish this sort of learning. The �rst w ould b e a represen tation for the

di�erences b et w een t w o problems. In the domain of circuit design, this w ould

b e di�erences b et w een the n um b er and kind of logical op erations called for.

In the domain of in terface design, this migh t b e di�erences in the n um b er

and t yp e of en tities in the application description and the real-w orld en tit y

description.

The second represen tation needed w ould capture the di�erences b et w een

t w o corresp onding steps in t w o separate problems. This could simply b e the

di�erences in what rules w ere recorded as useful in eac h problem.

The algorithm migh t learn these new kinds of rules b y running a deriv a-

tional analogy algorithm on a new problem using a v ariet y of recorded ex-

p eriences, and b y running a from-scratc h problem solv er on the same new

problem. The solution pro duced with deriv ational analogy w ould then b e

compared to the solution pro duced b y the from-scratc h problem solv er. Dif-

ferences in the solutions w ould b e noted and, where p ossible, propagated

to a decision made at a goal higher up the tree, the optimizing approac h ma y increase

e�ciency . Ho w ev er, it is unclear whether the increase out w eighs the extra e�ort. In an y

case, this tec hnique cannot b e used when the domain includes rules with consequen ts

conditional on their an teceden ts as describ ed elsewhere [Blu90a ].
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bac k up to di�erence links b et w een the problem sp eci�cation for the re-

corded exp erience and the problem sp eci�cation for the new problem.

Con tin uing the circuit design example, the program w ould compare the

rule used to address the (NOT (AND : : : )) problem using deriv ational anal-

ogy and a recorded exp erience of (NOT (EQUAL : : : )) with the rule used

b y a from-scratc h problem solv er ( e.g. , a p erson). The program w ould note

that the t w o rules w ere di�eren t and w ould determine that the rule used

b y the from-scratc h problem solv er (NOT-AND-DECOMP) w as not used

in the recorded exp erience b ecause the EQUAL failed to satisfy one of the

preconditions. This o ccurrence of the EQUAL could b e traced up to the

problem sp eci�cation, and the di�erence b et w een it and the AND could

b e used to build the new rule: \When y ou notice a di�erence b et w een an

EQUAL op eration in the recorded problem sp eci�cation and an AND op-

eration in the new problem sp eci�cation, and y ou encoun ter a use of the

NOT-DECOMP rule in v olving that EQUAL in the recorded solution, then

y ou should consider using the NOT-AND-DECOMP rule instead."

Some �rst steps ha v e b een made in this direction in the w ork of Hic k-

man and Lo v ett [HL91] and V eloso [V el90 ]. Hic kman and Lo v ett's approac h

to deriv ational analogy relaxes the constrain t for considering the recorded

exp erience to b e appropriate to reuse. V eloso's approac h learns to select the

most appropriate recorded exp erience. Ho w ev er, neither of these programs

fo cuses on learning to impro v e the adaptation strategy itself.

6 Conclusions

This pap er has presen ted b oth an analytic and an empirical examination

of deriv ational analogy . The basic deriv ational analogy algorithm has b een

outlined, and the kinds of mismatc hes b et w een recorded exp erience and

new problems (detours, pretours, and com binations) ha v e b een describ ed

in detail, along with the particular di�culties that eac h kind of mismatc h

presen ts to a deriv ational analogy algorithm.

V arious strategies for dealing with these mismatc hes are presen ted in

the literature. The researc h presen ted in this pap er has extracted these

strategies and implemen ted them so that they can b e applied to a common

domain. These implemen tations ha v e b een run on a n um b er of di�eren t

problems in v olving the reuse of exp erience, and sev eral conclusions ha v e b e-

come apparen t from the resulting empirical data. Among these conclusions

are that deriv ational analogy is a generally successful tec hnique and that us-
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ing a from-scratc h problem solv er to assist a deriv ational analogy program

ma y increase b oth e�ciency and autonom y . Ho w ev er, care m ust b e tak en

to in telligen tly in terlea v e reuse with from-scratc h problem solving, or the

resulting program will b e less e�cien t than from-scratc h problem solving.

The REMAID algorithm for coping with mismatc hes has b een sho wn

to b e successful b ecause it in telligen tly in terlea v es reuse with from-scratc h

problem solving. It do es this b y adapting the recorded exp erience to the

new problem rather than vic e versa and b y recognizing di�eren t kinds of

mismatc hes and adapting to them appropriately . T o do this, it uses a from-

scratc h problem solv er in a no v el w a y , to aid in recognizing di�eren t kinds

of mismatc hes as w ell as to help adapt to detours.

The empirical data sho w that the REMAID system exhibits b etter p er-

formance when there are signi�can t mismatc hes b et w een the recorded exp e-

rience and the new problem. The data further sho w that although it in v olv es

more o v erhead, the REMAID system sho ws less v ariance in its p erformance

than other deriv ational analogy programs.

Despite this success, REMAID, lik e all existing deriv ational analogy al-

gorithms, succum bs to a trade-o� b et w een e�ciency and solution qualit y ,

although to a lesser exten t than other algorithms. This trade-o� has b een

sho wn to b e not just an implemen tation problem, but a fundamen tal limi-

tation of static deriv ational analogy adaptation strategies. The next step is

to dev elop algorithms that can impro v e their adaptation strategies as they

gain (meta-)exp erience in reusing recorded problem solutions.
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