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Abstract. This paper addresses the problem of improving the process by which an agent learns
problem solving rules from a subject matter expert. It presents two complementary rule analysis
methods that discover when a rule was learned from incomplete explanations of an example, guiding
the expert to provide additional explanations. One method performs a structural analysis of the learned
rule, while the other method analyzes the possible rule instantiations. Both methods have been
implemented in the Disciple-RKF learning agent and have been tested both in an automatic framework
and during two knowledge acquisition experiments performed with subject matter experts at the US
Army War College.
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1 Introduction

Our research addresses the problem of using learniegt éechnology to facilitate the development of exkpr
knowledge-based agents that incorporate the subjattemmexpertise of a human expert. Many of these mgste
represent expert’'s knowledge using if-then rules. Uguh# system is built by a knowledge engineer whargite

to understand how the human expert reasons and sobielems and then encodes the acquired expertise iato th
system's knowledge base. This is an iterative procesewhereasoning rules are successively tested andoaddlit
knowledge is elicited from the expert to improventheOne of the main reasons this approach has nothead t
expected impact resides in the difficulty of the raéetl knowledge acquisition process, where first thewtedge
engineer acquires knowledge from the human expadtttaen represents the acquired knowledge into the/lletige
base of the system.

As an alternative to this approach we are develogitggrning agent, called Disciple, that can be tadghctly
by the subject matter expert how to solve problem#h Viinited assistance from a knowledge engineer The
expert is teaching the Disciple agent to solve mnaislin a way that resembles how the expert would teathdent
or an apprentice. For instance, the expert defirgseaific problem and helps the agent to understactd remsoning
step toward the solution. From each such reasonindésejple learns a general problem solving rule.

Whether the rules are defined by a knowledge engifgeein the usual approach mentioned above), ondela
by the agent (as in the Disciple approach), theynawst likely incomplete and need to be refined {2he main
reason for this situation is that, in expressing theavkedge, the subject matter experts use common sedsavat
many details that are implicit in human communioati

Because the rule refinement process is a complex adefsacomplexity increases with the incompleteness of
the rules, one research issue is how to assure thatitia finles acquired from the expert (by the knovged
engineer or by the learning agent) are as comptepssible. This is precisely the problem addressed §y#mer
which presents two methods for analyzing the rulesiieed from the expert, in order to detect whetlmytare
incomplete.

The next section briefly presents the Disciple-RKFnader military center of gravity determination, igh is
used in several courses at the US Army War Collegdsdt summarizes the rule learning method of Disci{é-R
Sections 3 and 4 present two rule analysis methodsithamplemented in the rule analyzer module of Disei
RKF. Each of these methods analyzes the rules leasn&isbiple from the subject matter expert, detedtemvthe
rules are incomplete, and guides the elicitatioadtfitional knowledge from the expert, to improve thles. Section
5 presents several experimental evaluations of theauetinat demonstrate their complementariness and nseful
The paper is concluded with references to relatedutnde research.

2 Disciple-RKF Learning Agent

Disciple-RKF uses task-reduction as its main problem sglpiaradigm. In this paradigm, a problem solving task
successively reduced to simpler tasks, the solutionshe@fstimplest tasks are found, and these solutions are
successively composed into the solution of the iniiakt The knowledge base of the agent is structuredaimt
object ontology that represents the objects frompgtiGation domain, and a set of task reduction rutessolution
composition rules expressed with these objects. DisEiflE-is a general problem solving and learning agetit w

no specific knowledge in its knowledge base. To dgvelo agent for a specific application domain, oeeds to



We need to:

Test whether the communication through mass_metlidlS 1943
between President_Roosevelt and the people_of_US H#&glany
significant vulnerability.

d Question: I Explanations proposed by Disciple-RKF and accepted by the expert:
’\;f {Does the communication through mass_media_of_USS_194j President_Roosevelt communicates through mass media_of US 1943

‘ﬁ between President_Roosevelt and the people_of US H&#k

(anificant vul bility? people_of_US 1943 receives_communication_through mass media_of_US 1943
any significant vulnerability?

I~

government_of_US 1943 has as_head_of_government President_Roosevelt
Answer:
No, blecalstLEJéhig:laSStsﬁmegia_oftTUS_19fl3 év'f" trarmﬂitte US 1943 has as_governing_body government_of_US 1943
people_of_US_: e information received fromsféien : )
Roosevelt who is the head of the government_of 9831 Bz—izﬁ :as—as— l_medlal fIJnSBdJI_:Z?_US_lgAS
as as_people people o
Thereforewe conclude that: { i -85 beople peope ol 7>

The communication through mass_media_of_US_1948dmst
President_Roosevelt, who is the head of the govenhnof US_1943 and
the people_of_US_1943 has no significant vulneitgbil

Figure 1: An example of a task reduction step iat#id by the expert and its explanations

President_Roosevelt is head_of_government

develop the knowledge base of Disciple-RKF. In esseitig process consists of developing the ontologyHer t
specific application domain and of teaching Disclpbev to solve problems.

In the last four years, successive versions of Disciplé-REve been used to develop intelligent agents for
center of gravity analysis that are used in severaisesuat the US Army War College [3]. The conceptewiter of
gravity is fundamental to military strategys
denoting the primary source of moral qrF: Test whether the communication through ?01 betw?&shand the ?03 has

physical strength, power or resistance of a forc@V significant vulnerability
[4]. Examples of potential centers of gravity ciQuestion: Does the communication through ?01 between ?02 and the 703 have

a state are a strong leader, its industr{gy Sonificantwunerability? - _ _ . .
Capacity or the will of its people The m0<¢nSNel’: No, because the ?01 will transmit to the ?03 the information received
, . st

. L . .| from 202 who is the head of the 204
important objective of a force is to protect it — -
own center of gravity, while attacking the THEN: The communication through ?01 between ?02, whiteiiead of the

center of gravity of its enemy. The knowled ;3?04 and the ?03 has no significant vulnerability
base of Disciple-RKF for the center of gravity|r: Test whether the communication through mass mestigeen a controlling
domain consists of an object ontology of 35%ader and the people has any significant vulnktyabi
object concepts, 193 object feature definitions, The mass mediais ?01
539 problem solving tasks, 368 task reductipn The controliing leader is 202
rules, and 269 solution composition rules. The "€ Peopleis 203
knowledge base also contains several hund g'a“a“o”. tes throuch 201
facts (i.e. triplet; pf the forrr_].“object featur 203 fgormgl_ziﬁﬁunﬁ:go@hmugh 201
value”) for describing a specific war scenari®204 has as head_of _government 202
For instance, the “World War Il Sicily 1943"| 202 is head_of_government
scenario was described with 835 facts. 205 has_as_governing_body 204
Each of the 368 task reduction rules frofO> has_as mass media 201
the knowledge base was learned by Disciple?®> 1asas people 203
RKF, as described in the following. The expert?UB Condition PLB Condition

[ : ?01ismass media ?01ismass media
formulated an initial problem solving task, suc 202 iss head of government 202 s head of. government

a

as, .Identlfy ajnd test the Strateglc, 9emer f communicates_through 2?01 communicates_through ?01
gravity candidates for the Sicily_1943 503ispeople 203 is people
scenario,” and showed the agent each tdsk receives communication_ receives communication
reduction step required to solve it. For instange, through 201 through 201
one such task reduction step is shown in the Ipff04 is governing_body ?04 is established_governing_body
hand side of Figure 1 has as head_of_government 202 has_as head_of_government 202
. Lo . 2?05 isforce ?05 issingle_state force

The ques_tlon assouate_d with the task fro e e L e em A e Ly Re
the top of Figure 1 considers some relevant g a5 mass media 201 has_as mass media 201
piece of information for solving that task. Th has as people 203 has as people 203

answer identifies that piece Qf Informatlon, a deEN: The communication through mass media between aatlimy leader
leads the expert to reduce this task to a SIMPIGho is the head of the government and the peoabaignificant vulnerabilit
task (or, in other cases, to several simpler The mass mediais 201

tasks). Thus, the question and its answer The controlling leader is 202

represent the expert's reason (or explanatign) The people is 203

for performing that reduction. But they are in___The governmentis 204

natural language and the expert needs to help  Figure 2: The rule learned from the example in Fégl




Disciple-RKF to “understand” them. The agent will @selogical reasoning with previously learned rulesyell as
general heuristics, to hypothesize the meaning ofgtiestion-answer pair. It will generate plausible amrption
fragments (ordered by their plausibility), and th@ex will select those that best express this meanihg.ekpert
may also help the agent to propose the right expanpieces by proving hints, such as pointing tolevant object
that should be part of the explanation.

Each explanation fragment proposed by the agentetationship (or a relationship chain) involving erstes,
concepts and constants from the task reduction stégram the knowledge base. For instance, the exptanat
fragments selected by the expert, from those propbgdle agent are shown in the right part of FigurBased on
the example and its explanations in Figure 1, ancktimevledge from the knowledge base, the agent gtatbthe
IF-THEN rule shown in Figure 2. The rule containsirgfiormal structure shown in the top part of the figuand a
formal structure, shown in the bottom part. The iinfal structure of the rule preserves the expert'saldanguage
from the example, and is used in the agent-user comation. The formal structure of the rule is usedthe
internal reasoning of the agent, as explained iridb@wving.

A specific task to be solved by the agent is matchigd the task from the IF part of the rule. A succelssfu
matching results in values for tR®1, 702 and?O3variables of the IF task, which are introducechia ¢ondition of
the rule. Then the agent matches the conditionefule with the object ontology. If this matchingsisccessful (i.e.
the condition of the rule is satisfied in the currentology), then it results in possible values for ttieeovariables
of the condition (i.e?04and?05. The values of these variables are then used toiretathe resulting THEN task.

The above description referred to the condition ks tule. However, the rule in Figure 2 is only i
learned. Therefore, instead of a single applicabdigdition, it contains a plausible version spaceHa ¢ondition,
consisting of a plausible lower bound (PLB) conditiord a plausible upper bound (PUB) condition [5].iBgirule
refinement, these bounds will converge toward onghenand toward the exact applicability conditidrtiee rule
[1]. The agent will use the partially learned rute problem solving by using either its PLB conditiomhén
applicable) or its PUB condition (when the PLB citiod is not applicable). This will allow the ageotdollaborate
with the expert in solving new problems, and to refine rule based on the correctness of the reductemerated
by it (with correct reductions being used as addiligositive examples of the rules, and incorrect onesegsitive
examples).

The length and the complexity of the rule refinetr@ocess depend of how well the rule was learneldriitst
place. Many times the rule is learned from an incetepset of explanations of an example. As a consequttece
plausible version space of the rule will be larged the rule refinement process will be more complewould be
very useful if the agent could determine whethersthieof explanations is incomplete, and could guigeettpert to
provide additional explanations [6]. The next sawigresent two rule analysis methods that allow thetaige
accomplish this task.

. Table 1: The Structural Analysis Mett
3 The Structural Analysis M ethod Y

The variables from the IF task of the rule a
called input variables because they 3

Let Rbe a reasoning rule;
StructuralAnalysis(R)

instantiated when the rule is invoked. TH
other variables of the rule are called t
output variables. The output variables a
instantiated by the agent during the problg
solving process with specific values th
satisfy the rule’s applicability condition, &
described in the previous section. Notice
Figure 2 that the formal structure of the ru
includes also generalizations of th
explanation pieces of the example fro
which the rule was learned (see Figure

There are two types of explanations:

explanations that specify the conce
covering the instances of a variable (e
“?01 is head_of government”), an
BETWEEN explanations that specify a pa
of features between two variables (e.g. “C
has_as_head_of_government ?02"). The
explanations restrict the possible values o
variable to the instances of a concept. T
BETWEEN explanations link the outpu

variables to the input variables, and thus lint

Set_of_Variables linkedVariables IfTaskParameters(R)
Set_of_Variables outputVariables QuestionParameters(R) [
Answer Parameters(R) O ThenTasksParameters(R)
Set_of Sets_of Variables interlinkedVars[;
for each explanation B RuleExplanations(R) do
for each fragment Bl ExplanationFragments(E) do
fragmentSet fragmentParameters (F)
for each set &l interlinkedVarsdo
if (FragmentParameters(F) N S# 0O) then
fragmentSet fragmentSell S
interlinkedVars- interlinkedVars \ {S}
if (fragmentSe0 linkedVariablest O)
then linkedVariables— linkedVariabled] fragmentSet
else
if (CONSIDER_IS_EXPLANATION & fragment is arf
IS_explanation)
then linkedVariables— linkedVariabled] fragmentSet
elseinterlinkedVars- interlinkedVargd {fragmentSet
outputVariables— outputVariables \ linkedVariables
return outputVariable




the possible values of the output variables. Moreover, Table 2: The External Analysis Method
such an explanation can contain several explanat’ - _
pieces or fragments. For instance, the explanatiaxi *] Let R be a reasoning rule; _

has_as_opposing_force ?02 is_opposed_to ?{inputValues - the instantiated values corresponding to

contains two fragments: “?01 has_as_opposing_fd inPutvariables; ) ) )
202" and “?02 is_opposed_to ?03.” kb - the knowledge base in which the IF task of the sl

In a well-formed rule, the output variables need| instantiated; , o
be linked through explanation pieces to some of | threshold - the number of instantiations allowed for a rile;

input variables of the rule and/or be constrainedgus ExternalAnalysis (R, inputValues, kb, threshold)

IS explanations. The structural analysis methl ,,so)ytions .- 0 //keeps the number of solutions
determines which of the rule’s output variables are /igenerated by the rule R in kb
constrained based on the existing explanations. 1 varinstantiations- O //keeps a list with the instances i

metk_}%d iﬁ p:(re;entt_edbiln Table_ lt v th iables f /lthe kb of each variable of the rule R
e linked variables are initially the variables fro| ¢ "~ "\ ariable V of the rule @

the IF task. The output variables are initially et o
other variables of the rule. The method maintainsta varlnstgntlathns.[\/]& v . . .
with all the sets of variables which are inter-linkg for each instantiation | of the rule R in kb having geen
based on the rule’s explanations. For each fragnfer| MPutValuesdo.
each rule’s explanation, the method computes the | [OF €ach variable V of the rule @
of variables linked based on this fragment. If suceta add each Instance of variable Vin kb to
has common elements with the linked variables, the va}rlnstantlatmns[V]
is added to the linked variables of the rule. __ hbSolutions++
The method uses also a flag which is true when it (nn%SoI:‘J(tjlog\s/z trriwrﬁlshol%lhen
explana}tions are used to consider a variable as b umax?\lljblnitanet‘ia%or?: 0
constrained. In such a case the variables from thg o aach variable V of the rule &

explanations are also added to the linked variables. if (varlnstantiations[V].size > maxNbinstantiations|
The method returns all the output variables whi maxNblnstantiations- varinstantiations[V].size

are not linked through explanation fragments to { clear unboundedVariables and add the variable|V

input variables of the rule or are not constrainedy ese

explanations. Based on this result, the agent can as if (varlnstantiations[V].size = maxNblnstantiations)

expert to provide additional explanations relaedhie add variable V to unboundedVariables

objects from the example (see Figure 1) threturn unboundedVariables
correspond to the unconstrained variables.

4 The External Analysis M ethod

The external analysis method examines the rule idahéext of problem solving. If the rule is generating many
solutions, then the rule may be under-constrainedctvisider a threshold value for the number of accéptaite
instances. This threshold value depends on the applicétimain, and can be statistically determined.

The external analysis method is presented in Tablecdnputes the number of solutions generated byullee r
in the knowledge base. If the number of solutionsreatgr than the threshold value, the method comphtes
variables with the highest number of instances in theTkese are the variables which are not well com&tdai

An extension of this method takes into account nog tré instances generated for the current applicatfdhe
rule (based on the given instantiated IF task), laat all the other applications of the rule in the eotikb.

5 Experimental Results

The two rule analysis methods presented in the puevéections are complementary, one analyzing thenaiter
structure of the rule, and the other analyzing tiséainces of the rule in a given knowledge base. thdeis possible
for a rule that has all the output variables consédito still have too many instances. And vice-versajethat
does not generate a lot of solutions in a particatartext can have an incomplete structure becauseissing
explanations. For this reason, both methods are imgylitad in the Rule Analyzer module of Disciple-RKRigh
combines their results, and is able to guide the expgntovide additional explanations related to dertdbjects of
the example from which the rule was learned.

Several evaluations of the Rule Analyzer module Hazeen performed, as described in the following. Ugwgbil
evaluations have been performed by military expesspart of the Military Applications of Artificialntelligence
course, taught in Spring 2002 and in Spring 2003hatUS Army War College [3]. The military expengho did
not have any prior knowledge engineering experienee introduced to the Disciple approach. They taeght
Disciple how to determine the centers of gravity led bpposing forces from several war scenarios. Dulieget
experiments the Rule Analyzer module assisted the dulmatter experts in the rule learning process by issuing
warnings when rules were learned from incomplete anqgilons. Figures 3 and 4 present the assessments of the



subject matter experts after using the
Rule Analyzer module, in Spring 2002
and Spring 2003, respectively. There is
a difference in the scale used in theg
two experiments. In 2002 we used &
nominal scale, while in 2003 we]
adopted a numerical, equal interval
scale from -2 to 2. Nevertheless, both
results indicate that the subject matter Aways  Generaly  Someiimes  Generaly  Aways AwaysNot  Generally Not ~ Sometimes ~ Generally ~ Always
. Useless Useless Useful Useful Useful L L L L L
experts found this module useful.

We have also evaluated the Rule
Analyzer module in an automatic
framework, in order to determine: 1) Characterize the warnings given
the percent of cases in which each by the Rule Analyzer module

Characterize the understandability
of the warnings given by the
Rule Analyzer module

Characterize the warnings given
by the Rule Analyzer module

ORrNWAGO DN ®

Figure 3: Results from MAAI 2002 experiment

Characterize the understandability
of the warnings given by the
Rule Analyzer module

method signaled incomplete rules to

the user; 2) the percent of cases f 4

which the methods made correct 3

suggestions for refinement; 3) the 2

significant factors for each method; )

and 4) the appropriate values for thg o

parameters used in these rule analysis - 1 0 1 2 2 1 0 1 2
methods. Not Useful Useful Not Under- Under-

standable standable

The automatic testing has ) .
Figure 4: Results from MAAI 2003 experiment

implemented the following method:

« For each knowledge-base KB
0 For each applicablerule R
1. Delete a percentage from the initial set of explanations (25%, 50%, 75%, and 100%, respectively),
in all possible combinations
2. For each combination relearn the rule R with the remaining explanations
3. Call each method of the Rule Analyzer module and store the result

The experiments have been repeated for differentegabf the parameters used in the methods. We have used
two-factor ANOVA (Analysis of Variance) tests at 95%nfidence level, to determine the significant factamsl the
appropriate values for the parameters used in theoteth

In order to evaluate the Structural Analysis meth@dhave considered two factors: the use of IS explamati
and the percentage of deleted explanations from edeh(which indicates the completeness level of the)r The
goals were: 1) to determine whether to use the I1Samapons, or to ignore them, when analyzing if thie's
variables are well constrained, and 2) to determm& the rule’'s completeness level influences the restithe
method. We have computed the percentage of caselsich the method discovered problems in the rulesy Hite
rules were modified in the automatic test by deletingercentage of their explanations, and the reatdtshown in
the top graph from Figure 5. For instance, when 25fanations were deleted from the rule, the mettiscbvered
missing explanations in 20% cases using IS explanati@nsys 35% discovered cases when IS explanations were
ignored. We have also tested the precision of the adeih both versions (with and without IS explanatjorisy
computing the percent of cases in which the suggestimde by the method were correct (when the variables
signaled by the method were indeed the variablespriblems, i.e. they were contained in the explanatdeleted
from the rule), and also when the suggestions werariaco These results are presented in the bottom draph
Figure 5. One can notice that in almost all the casesich the method identified a problem in theertit also made
the correct suggestions for correction.

Then we have performed a two-factor ANOVA testing tise of IS explanations versus the percentage of
deleted explanations from each rule, and we havairaat that both these factors are significdiie unexpected
result of this experiment is that the method identifies better the problems in the rules when IS explanations are not
used. This indicates that even if a variable may be comsthwith an IS explanation, this may not be suéfitj and
the variables may still need to be linked with othariables through explanations of type BETWEEN. Témults
also show that as more explanations are missing, thethitantifies more problems in the rules, as expected.

For the evaluation of the External Analysis methaglhave considered two factors: the threshold valu¢htor
number of rule’s applications and the percentageetdtdd explanations from each rule. We have compiited
percentage of cases in which the method discoverellgms in the rule for various percentages of deleted
explanations, using a threshold of 3 and 10 rule ies®respectively. For instance, when 25% explanati@ne
deleted from the rule, the method discovered misgrglanations in 21% cases using a threshold of 3 rule
applications, versus 17% discovered cases for a threshal@irule applications, as shown in the top grapFigfire
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6. We have also tested the precision of this methoaobyputing the percent of cases in which the methadem
correct and incorrect suggestions, as shown in therbaitaph of Figure 6. We have chosen two diffetergshold
values, a smaller one, and a larger one, to see hewetults differ. We have again noticed that whenntkéod
discovered problems in a rule it also made the cbsugggestions.

We have also compared the two rule analysis methodsgder to decide whether it is good to use botthem
in the Rule Analyzer module. For various percentaffeteleted explanations from each rule, we havepced: 1)
the percent of cases in which only the first methodai&d problems in the rule (the line marked wittrdStural
Method Only” in Figure 7); 2) the percent of caseshich only the second method signaled problemserrake
(the line marked with “External Method Only” in kige 7); and 3) the percent of cases in which bothoast
signaled problems in the rule (these cases are natdiedlin the previous two and are marked by the ‘Bath
Methods” in Figure 7). The top line marked with “@Btshows the global percentage of cases discoveretichy t
Rule Analyzer module using both methods. We haviopaed this experiment on several rule samples, anmitee
have used two-factor ANOVA with replication, whighdicated that both factors are significant. A grapbi the
percentage of discovered cases obtained for one alutaesamples is shown in Figure 7. We can observeathat
significant percentage of cases are identified onlpy of the methods, proving that each method hasportant
contribution. Also, another aspect observed is thatnwte rule is almost learned (only 25% of explanation
missing), the two methods discover different problentss indicates that the Rule Analyzer performs bettieen
both methods are used to identify problems in the rule

The results of the automatic experiments confirmedsthgective evaluation of the subject matter exp€&te
interesting aspect is that the methods reported verydkse positives, as shown in Figures 5 and 6 byriberrect
lines. Therefore, the users are not annoyed by thgestigns made by the module.

100%

6 Conclusions and Future Resear ch

80%

There are several tools that analyze
knowledge base to detect problems in th
rules of a system [7, 8, 9]. For instance, th
VALENS (VALid Engineering Support) tool
for the validation and verification of the ruleg
in a knowledge base can be used both duri
and after the construction of a knowledg
base and focuses on the logical verification 0%  25%  50%  75%  100%
knowledge-based systems [7]. The techniqu Percent of Deleted Explanations
used to verify a knowledge base are: met
rules, an inference engine to verify hypotheses Figure 7: Comparative Analysis of the Methods

—a— Structural Method Only

05
60% —e— External Method Only
40% J —a— Both Methods

—@—Total - Rule Analyzer

20% - \

0% DN

T T 2 g

Percent of Discovered Cases




posed by meta-rules (proof-by-processing) and metarirdtion (provided by the user). The tool creatds@ment
in which all the detected invalid rules (combinasd are reported, and each fault is classified andagqul.
However, this tool requires the user to provide addél meta-information and meta-rules, which makdsss
usable by a subject mater expert. The Rule Analyzetube presented in this paper is integrated natuialthe
interaction between the system and the expert, signalotential problems based on specific examples witho
confusing the expert with the general structure efrthe.

Pazzani and Brunk propose an approach which comeimggrical learning and explanation-based learning to
detect errors in rule-based expert systems and suggésbmevto the rules [8]. Their knowledge refinemtol,
KR-FOCL, partially automates the task of identifyihig rules responsible for errors. However, KR-FOCLsdwoet
explain to the expert why it recommends a specifiigsien, assuming the expert will realize that the sien will
improve the system’s performance. Additionally, thgpest must approve the suggested revisions and assign the
blame to a specific rule, after KR-FOCL has localibéaime to a small number of rules. KR-FOCL was testéd o
on small examples with few errors. However, as the sizhe rule base and the number of errors incréasay be
necessary to organize and order the possible revisices lwn their effect on the accuracy of the systemebieer,
it would be useful to dynamically determine the ictpaf a revision on the knowledge base, becausedbemust
run the system again in order to determine the itnpilaga modification.

We plan to extend the Rule Analyzer module by dyically adjusting the rule applications threshold usethe
External Analysis method, based on the current onyokigucture, and by learning different threshold ealdior
various classes of rules rather than for the entire ®& process presented in this paper improves the kegening,
triggering the learning of more accurate rulesldb improves the agent’s problem solving efficierimygenerating
and testing fewer solutions.
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