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Abstract

The central idea of IBROW is to reuse and execute
knowledge intensive components that are available in
libraries on the internet. A central question is then “Which
components are optimal for a given problem?”.
Consequently, the components must be selected from these
libraries. In this document we describe a method for the
selection and construction of knowledge intensive
components from a particular library, namely the
classification library developed elsewhere in the project
(task 1.2).
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1 Goal

The main idea of the IBROW project [8] is to reuse and execute knowledge intensive components.
These components are available in libraries on the Internet. A central question is then ”Which
components are optimal for a given problem?”. Consequently, the components must be selected
from a library or even constructed. In the former case, components are selected from a predefined
set, while in the latter case components are combined or newly defined parts are combined to
construct a new component.

The overall architecture that is used for describing these knowledge intensive components is the
Unified Problem-Solving Method Description Language (UPML [5, 6]!). UPML provides us an
architecture for components of a knowledge based system (task, problem-solving method, domain-
model and ontology), and adapters (kind of connecters) between those components. See figure 1.
There are two types of adapters: bridges and refiners. Bridges model the relationship between
the components task, problem-solving method, domain-model, and ontology, where as the refiners
model the relationship between one type of such a component. For instance, the relationship
between different task components.

In this document we describe a method [12] for the selection and construction of knowledge intensive
components from a particular library, namely a classification library taken from [10]2. In terms of
the UPML architecture these library components are task and problem-solving methods components
for classification. Selection and construction of components is modelled in the UPML architecture
as refiners. The structure of the library is such that the bridge between task and problem-solving
method is trivial. This results in our focus on task-refiners. We will show that we can use the
general approach of [12] for selection and adaptation of task-definitions. for an independently
developed classification library [10].

Current state

In [12] we have given a proposal is given for configuring the competence (functionality) of problem
solving methods. The main idea is to consider configuring the competence as a standard configura-
tion task, namely parametric design. A standard method for parametric design is used as solving
method, namely propose -critique-modify. Taking this approach, this means that (1) there is a need
for describing the competence for a specific type of task (e.g. diagnosis, classification) in a param-
eterised scheme, and (2) that we have to come up with knowledge that can be used in the propose
-critique-modify method. This propose-critique-modify knowledge is the brokering knowledge that
is needed for adapting the competence of problem solving methods (task components).

We use the classification library from task 1.2, which means that we developed a parameterised
scheme for classification based on this library. All the methods in the classification library had to
be expressed as instances of this classification scheme. Furthermore, we have extended the library
such that we can come up with some interesting propose-critique-modify knowledge, since this
knowledge depends on the content of the library.

'Validation of UPML and tool support for UPML have been done earlier in the project (Workpackage 2).
2This library is developed earlier in the project (task 1.2)
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Figure 1: The UPML architecture for knowledge based system [6]




Currently, there is the Internet Reasoning Service (IRS) [4], which gives the user support for building
a new application with the components in a particular library (e.g. the classification library). The
main support is a browsing facility of possible components in the library, thus supporting the
selection ofcomponents from a library. The work in this deliverable adds more automatic support
for selection and adaptation of components, which can be implemented on top of the current IRS.

Contribution

Our contribution is that we show that we can use the general approach of [12] for classification
task/method adaptations for the independently developed classification library [10] by giving (1) a
general scheme for representing classification tasks, and (2) brokering knowledge for classification
task adaptation.

2 General approach

In this section, we describe our from [12] which uses parametric design to construct problem-
solving methods (PSMs). The goal of automated construction of the competence (functionality)
of a method is to construct a method that produces acceptable solutions for a given problem
under particular assumptions and desired goals. The question in configuration is “Which PSM
competence is expected to be optimal?” and “What should be done if the PSM does not give the
desired solution?”. The object of the construction is the method description, i.e. the functionality
of the method. This task can be considered as a configuration task.

In order to autmoatically configure PSMs, we need a uniform representation of the objects to be
configured (ie the PSMs). The central idea of our representation is that the functionality of a class
of problem solving methods is captured in a single schematic formula. Some of the predicates and
terms from such a formula are regarded as parameters that must be further instantiated to capture
different members of the class of problem solving methods. Such a schematic formula defines the
functionality of a whole class of PSMs, and different members of that class correspond to different
definitions for the parameters occurring in the schematic formula. This approach has already been
shown to be succesful for diagnostic PSMs [12]. In this deliverable we will show that it is also
applicable for classification PSMs.

Configuration is a special case of the more general task of design. In a configuration task the
set of possible components is fixed and the possible connections between the components is fixed.
Parametric design is a further simplification of a configuration task, because in parametric design
the actual connections between the possible components are already fixed in a given structure. This
reduces the configuration problem, because we only have to assign values to each parameter in its
own range, and we do no longer have to configure the connections between the components.

The method that is used for parametric design is propose-critique-modify (PCM, [2, 1]). Charac-
teristic of this method is that when a configuration is not a suitable configuration, the configuration
process uses the test results for determining a new configuration instead of generating a new one
from scratch. The PCM method consists of four steps:



The propose step gives a partial or a complete configuration. It has to propose an instance of
the general schema that is used for representing a family of PSMs.

The verify step involves checking that the proposed configuration (PSM) satisfies the constraints.
This includes a simulation-verification that consists of performing the task (e.g. diagnosis)
followed by tests whether the goals are met.

The critique step is an analysis of why the verification failed, i.e. why the method is not an
appropriate method.

The modify step is the determination of an appropriate modification of the method. This means
an adaptation in the choices of the parameters.

To summarise this approach: for the automated configuration of PSMs of an arbitrary problem-type
(in our case classification) there is need for a parmeterised schema for describing a problem solver.
Such a schema enables regarding configuration of problem solvers as a parametric design problem.
The approach is knowledge intensive since in solving the parametric design problem exploitation of
the knowledge of the problem type is required. To apply this approach, the following ingredients
are necessary to enable the choice and revision of the parameter values:

1. a general parameterised schema for the representation of the PSMs to be configured
2. definitions of parameters in this general schema

3. propose-critique-modify knowledge that drives the configuration process

In this document we will apply this approach to the task-library of classification methods from
WP1.2 [10]. First we have to come up with a structure of this library ((1) a general schema) and
to identify the individual components ((2) definitions of parameters). We describe this in section
3. Second we have to look for relations between components, relations between task descriptions,
relations between goals/assumptions and components etc. such we can exploit this knowledge as
PCM-knowledge. This is knowledge that have to be used as brokering knowledge for classification
tasks adaptation. This is described in section 4. All these elements are used together in an
application scenario described in section 5.

3 Representation of classification tasks

The literature on Knowledge Engineering has identified a number of different problem types [3, 7],
such as diagnosis, design, monitoring, and classification. We will focus on classification. Classifica-
tion is described in a standard text book of knowledge based systems [11] as:

To classify something- an unknown object, phenomenon, pattern, measurement, or any-
thing at all- is to identify it as a member of a known class. For example, a field biologist
might use several features such as shape, size, color, and so on to identify a species of



plant or an animal. In this case, the sample plant or animal is the unknown thing and
the species is a known class. Classification problems begin with data and identify classes
as solutions. Knowledge is used to match elements of the data space to corresponding
elements of the solution space. An essential characteristic of classification, as we use
the term, is that it selects from a predefined set of solutions.

Our analysis of classification is based on the classification library developed earlier in the IBROW
project [10]. In this library a classification task has a class as a solution (singleton solutions), and
gives possible more then one solution (exhaustive search).

In this section we give a general description for the classification tasks. Besides this general scheme,
we describe a number of possible instances of the parameters of this scheme.

3.1 Parameterised schema for classification

The classification task of the classification library has as input a set of (feature, value) pairs, and
as output a set of solutions. Each solution is represented as a pair (classname, score).

We can describe the classification task as follows (see deliverable D1 for more details): First the
observations have to be verified whether they are legal. These legal observations ((feature, value)
pairs) have to be scored to every possible solution in the solution space using a mechanism for a
feature scoring. These individual scorings of (feature, value) pairs have to be combined in a scoring
for the whole set of observations per possible solution, based on a so called macro scoring mechanism.
These scores are the basis for the solution admissibility criterion. This criterion determines whether
a possible solution is indeed a real solution. A filter is applied on these solutions, which results in
the solutions which are the solutions that satisfied the better match scores criterion.

Studying the classification library in OCML, we identified the following six parameters:

e solution-space,

e observation-constraints,

e feature-scoring-mechanism,

e macro-scoring-mechanism,

e solution-admissibility-criterion,

e better-match-scores.

Figure 2 depicts the general scheme for classification methods. The grey boxes are the parameters
of the scheme. Concrete task descriptions correspond to concrete values of these boxes.

We discuss each of this parameter in turn, both informally and more formally, and at the end we
give the relations between these parameters in a formula.
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parameter: solution-space

The solution-space contains the class names where a object possibly belongs to. Whether an object
belongs to a particular class depends on the feature conditions which are specified for each class.

Every possible solution is connected with a set of (feature, specification) pairs. The value of the
feature has to satisfy a given condition. For instance for classifying apples, a possible solution is a
granny, and one of its feature value pair is (colour, colour=green).

More formally: a solution-space is a set of tuples (solution, feature-specifications), and feature-
specifications is a set of tuples of (feature, specification). The specification is a predicate that has
to be true for the feature.

parameter: observation-constraints

If the input (the observations) satisfies the observation-constraints then the observations are legal.
More formally: observation-constraints is a predicate.

parameter: feature-scoring-mechanism

This is the scoring mechanism for each observation with respect to a possible solution. The scoring
mechanism indicates a score for each (feature,value) pair of the input to every solution in the
solution-space with respect to its feature conditions that are specified for that solution.

More formally: A function micromatch has as arguments the parameter feature-scoring-mechanism,
and a triple (feature, value, score) and gives a score for the feature with respect to the solution and
observed value.

parameter: macro-scoring-mechanism

The macro-scoring-mechanism aggregate the microscores to a score for the whole candidate class.
It assigns a score to each solution.

More formally: A function macromatch has as arguments the parameter macro-scoring-mechanism,
and a set of (feature,value,microscore,sol, f)or a particular sol, and gives the score for this solution.

parameter: solution-admissibility-criterion

The solution-admissibility-criterion specifies the requirements for a solution. These requirements
are in terms of the results of the macro-scoring-mechanism.

More formally: A predicate apply-admin has as arguments the solution-admissibility-criterion and
a tuple (sol, macroscore).

parameter: better-match-scores

This criterion specifies a selection of the solutions which are in some sense the best solutions.



More formally: A predicate selection has as arguments the better-match-scores, the candidate
solutions and a set of solutions.

The general scheme for classification (figure 2) can be described more precisely by the following
formula.

classi fication(obs, sols) «
obs-constraints(obs)A
scored-obs = { (f,v,microscore, sol)|
((sol, fspec-set) € solspaceN
(((f,v) € obs A (f,s) € fspec-set)V
((f,v) € obs A\ (f,s) & fspec-set)V
((f,v) & obs A\ (f,s) € fspec-set))A
microscore = micromatch( feature-scoring-mechanism, (f, v, s)) }A
scored-cands = { (sol, macroscore)]
(sol, fspec-set) € SolSpaceN
scoredobssol ={ (f,v, microscore, Sol)|
(f,v, microscore, Sol) € scoredobssol)} N
macroscore = macromatch(macro-scoring-mechanism, scoredobssol) } A\
adm-sols = { (sol, macroscore)|
apply-admin(solution-admissibility-criterion, (sol, macroscore) )\
(sol, macroscore) € scored-cands}\
selection(better-match-score, adm-sols, sols)

There is one restriction on these parameters. It is required that the solution-admissibility-criterion
respects the better -match-scores. That means if solution S scores higher than Sy on the better-
match-scores, and So passes the solution-admissibility-criterion then S; must also pass the solution-
admissibility-criterion.

3.2 Instantiating the parameterised structure

In this section we give a number of concrete parameters for the classification schema discussed
in the previous section. The complete library is described by these instances of parameters. We
discuss every type of parameter in turn, and indicate which instances are in the current classification
library and which could be added.

3.2.1 parameter: observation-constraints

Possible values for this parameter are:

OCl1-single-value-constraint This says that each feature has at most one value.



OC1la-multi-value This says that it is possible to drop the single-value-constraint on a per-feature
basis, resulting in a designated set of multi-valued features.

OC2-legal-feature-value This specifies a predicate that must be true for each feature/value-pair.

OC3-at-least-one-value This specifies that every feature has at least one value.

The library currently contains the parameter values OC1-single-value-constraint and OC2-legal-
feature-value.

The chosen value for the parameter observation-constraints is either one or a combination of the
above described observation-constraints. For instance OCS3-at-least-one-value together with OCl1-
sinlge-value-constraint means that each feature has exactly one value.

3.2.2 parameter: feature-scoring-mechanism

Possible values for this parameter are:

FS1-IEUM A feature can have the following status: inconsistent, explained, unexplained or miss-
ing. A feature is inconsistent with respect to a class if the feature is observed in a way that
does not satisfied the feature condition of this class. A feature is explained with respect to
a class if the feature is observed and satisfied the feature condition of this class. A feature
is missing with respect to a class if the feature is not observed and the class has a feature
condition for this feature. A feature is unexplained with respect to a class if a feature is
observed and the class does not have a feature condition for this feature.

Figure 3 shows an example of this. In this example, the observations are {(a, 0), (b, 2), (d,4)}.
This makes a an inconsistent feature of class cl, b is a explained feature of class cl, c is a
missing feature for class cl, and d is an unexplained feature for class c.

Notice that an observed feature is consistent, explained or unexplained for a class, and only
not observed features can be missing (hence the name).

The feature-scoring-mechanism FSI1-IEUM computes for each feature for each class whether
the feature is inconsistent, explained, unexplained or missing.

FS2-closeness Compute for each feature per class how ”close” the observed value is to the value
prescribed for the class (e.g. giving a number in [-1,1], 0 for unknown values).

The library only contains the parameter value FS1-IEUM.

3.2.3 parameter: macro-scoring-mechanism

Possible values for this parameter are:

10



type observations knowledge base

[=]=1=1(=]

Figure 3: The types inconsistent (I), explained (E), unexplained (U) and missing (M). The obser-
vations are {(a,0), (b,2),(d,4)}. a is an inconsistent feature of class cl, b is a explained feature of
class cl, ¢ is a missing feature for class c1, and d is an unexplained feature for class c.

MS1-IEUM Collect per class the features that are inconsistent, explained, unexplained or missing
and represent these in a 4-tuple (I, E,U, M). I denotes the set of inconsistent features, E
denotes the set of explained features, U denotes the set of unexplained features, and M
denotes the set of missing features.

MS1a-IEUM Collect per class the number of features that are inconsistent, explained, unex-
plained or missing and represent these in a 4-tuple (|I|, |E|, |U|,|M|). Where I, E, U and M
denote respectively the set of inconsistent features, explained features, unexplained features,
and missing features.

MS2-numeric Some combination-function of all these feature-scores which are in a particular
interval (using F'S2-closeness for the feature scoring mechanism). A possibility is for instance
to take the minimum, which is inspired by the conjunction operator in the Certainty Factor
calculus. Another possibility would be to take the average.

MS3-cosine Compute per class the cosine between f/v-vector of class and observed f/v-vector,
based on similar distance measures used in data-mining.

The current library only contains the value MS-IEUM for this parameter.

3.2.4 parameter: solution-admissibility-criterion

Possible values for this parameter are:

11



AC1-weak-relevant : Each (feature, value) pair in the observations has to be consistent with the
feature specifications of the solution, and at least one feature is explained by the solution. A
class ¢; is a solution if its set I denoting the inconsistent features of ¢; is empty (I = )), and
its set E denoting the explained features is not empty (|E| > 0).

AC2-strong-coverage : A class ¢; is a solution if its set I denoting the inconsistent features of
¢1 is empty (I = (), and its set U denoting the unexplained features of ¢; is empty (U = 0).

AC3-weak-coverage : Each (feature, value) pair in the observations have to be consistent with
the feature specifications of the solution. A class ¢; is a solution if its set I denoting the
inconsistent features of ¢1 is empty (I = 0).

AC4-explanative : A solution satisfies the requirement of ACS8-weak-coverage and all feature
specifications of a solution have to be valid. A class ¢; is a solution if its set I denoting the
inconsistent features of ¢; is empty (I = (}), and its set M denoting the missing features is
empty (M = 0).

AC5-strong-explanative : A solution satisfies the requirement of A C2-strong-coverage and AC4-
explanative. A class ¢; is a solution if its set I, U and M are empty (I =U = M = 0)).

AC(Sconsistent) variants These variants use a weaker requirement for I = (). We do not require
that I is empty, but we require that at least certain features are not in I. Therefor we
need to define a set of features Sconsistent. All features in Seonsistens Must be consistent, and
features outside Scopnsistent are allowed to be inconsistent. If S.onsistent contains all possible
features then AC-z is equal to AC-z(Sconsistent), for instance ACI-weak-relevant and ACI-
weak-relevant (Sconsistent)- The requirement of I = () becomes weaker, namely I (1) Sconsistent =

0.

AC(Sknown) variants These variants use a weaker requirement for U = (). We do not require that
U is empty, but we require that at least certain features are not in unexplained. Therefor we
need to define a set of features Sipown. All features in Sppown must be explained when they
are part of the observations. Features outside Sknown are allowed to be unexplained, when
they are observed. If Sknown €qual to all possible features then AC2-strong-coverage is equal
to AC2-strong-coverage(Sknown), idem for AC5-strong-explanative. The requirement of U = ()
becomes weaker, namely U () Sknown = 0.

AC(Spresent) variants These variants use a weaker requirement for M = (. We do not require
that M is empty, but we require that at least certain features are not missing. Therefore we
need to define a set of features Sy esent. All features in Spesens must be observed when they
are part of the feature specifications of a solution. Features outside Spresent are allowed to
be not observed. If Sy esent equal to all possible features then AC-4 and AC-5 are equal to
AC-4 (Spresent) and AC-5(Spresent) respectivily. The requirement of M = () becomes weaker,
namely M ﬂ Spresent = 0.

AC-variants(Sconsistent, Sknowns Spresent) There are a number of useful variants possible. Read
the S arguments as optional: AC-strong-coverage(Sconsistent, Sknown)s
AC‘explanative(Sconsistent’ Spresent)a and AC‘Strong‘explanative(Sconsistent7 Sknowna Spresent)-

AC6-threshold-cosine : using a threshold value for cosine rule MS3-cosine.

ACT-threshold using a threshold value for MS2-numeric score.

12



The current library contains the parameter values AC1-weak-relevant and AC2-strong-coverage.
The parameters A C2-strong-coverage, AC3-weak-coverage, AC4-explanative, and
AC5-strong-ezxplanative are more or less standard variations in the classification literature. The
introduction of parameters like Sconsistent are studied in [9].

3.2.5 parameter: better-match-scores

Possible values for this parameter are:

BM1-lexical-IEUM-size Lexicographic ordering on {|I|, —|E|, |U|,|M|} using (
BM2-lexical-IEUM-subset Lexicographic ordering using C on {I,all features\E,U, M }

BM2-E-min Ordering on |E| using (. This can be applied on solutions that are scored in IEUM-
tuples.

BM2-lexical-IMUE /IUME-size /subset Other orderings of the values in the IEUM-tuple are
possible *and even more logical, considering the admissibility criterion).

BM3-domain-ordering Ignore the score and use a domain-specified ordering on classes (e.g.
most-urgent, most-dangerous, most-surprising, etc)

BM4-highest Choose highest value.
BMS5-top((n)) Choose top n values.
BMS6-difference(e) Choose all values within e of highest value.

BMT7-single-sol Choose the first one of the list. This can be applied on solutions that are scored
in IEUM-tuples.

BMS8-no-ranking Choose all values that are given. There is no ranking at all. All values are
considered as ”best” scores. This can be applied on solutions that are scored in IEUM-tuples.

The library only contains the parameter value BM1-IEUM-size

3.3 Lessons learned

We have shown that it is possible to develop a general framework for classification tasks that
capture the content of the independently developed classification library from [10]. This amounts
to restating the classification library in a form such we are able to apply parametric design for
constructing and adjusting classification tasks. Based on this framework it is possible to propose
new parameter values for the library.

Our approach was a kind of reengineering the general scheme by studying the library. A more
efficient way is to include this analysis during the developing of the library. It would be attractive
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to annotate a library with its general scheme and its specific instances of parameters of this scheme,
such that users of a library have access to the competence of the library (and possibility to extend
the library with new instances ).

The general framework is developed such that it fits to the classification library. However the
framework can be improved by extending the scheme for more classification tasks. There are a
number of possible extensions: (1) to deal with multi-class classification, (2) to deal with feature-
interactions, (3) to deal with multi-valued features, (4) to add a distinction between contextual
features and non-contextual features. The extensions (1) and (2) are significant extension of the
library contents. The extensions (3) and (4) are conceptually not difficult.

4 Configuration/adaptation knowledge for the classification library

In this section we identify the brokering knowledge that can be used during construction and adap-
tion of a classification task. As mentioned in section 2 this brokering knowledge is required for the
propose-critique-modify method. Relations between parameters, parameter instances, assumptions
and desired goals are important ingredients for this brokering knowledge. We will discuss in turn
the knowledge types: the propose knowledge, the verification knowledge, the critique knowledge
and the modify knowledge.

4.1 Propose knowledge

The propose step proposes a configuration, i.e. an instance of the general scheme that we use for
representing classification tasks. We have the following propose knowledge for the parameters of
the classification scheme:

propose knowledge: observation-constraints
if operating under time-pressure
then allow unknown values (do not use OCS3-at-least-one-value)

if domain-knowledge is available on often missing features
then do not use OCS3-at-least-one-value

if domain-knowledge is available on multi-valuedness
then use OC1a-multi-value

if domain-knowledge is available on value-ranges
then use OC2-legal-feature-value
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propose knowledge: feature-scoring-mechanism, macro-scoring-mechanism

if values are difficult to observe/noisy
then use FS2-closeness and MS2-numeric

only use MC3-cosine if each f/v pair has a numeric value

if total score should be some ”average” of the score on each feature
then use MS2-numeric or MS2-cosine
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propose knowledge: solution-admissibility-criterion

by default Sconsistent = Sknown = Spresent = all features

if unreliable observations
then move these outside S.onsistent

if using MS1-IEUM
then use one of ACI-weak-relevant, AC2-strong-coverage, AC3-weak-coverage, AC4-explanative,
AC5-strong-explanative

if using MS3-cosine
then use ACG6-threshold-cosine

if using MS2-numeric
then use AC7-threshold

if many irrelevant observations
then use AC3-weak-coverage, AC4-explanative or AC1-weak-relevant

if missing observations
then use AC2-strong-coverage and use domain knowledge to determine Sconsistent; Sknown,

Spresent

if unreliable domain knowledge (with overspecified class definities)
then do not use AC2-strong-coverage, AC4-explanative or ACSH-strong-explanative, and shrink

Sconsistent

if unreliable domain knowledge (with underspecified class definitions)
then use ACY-explanative or AC5-strong-explanative

if unreliable domain knowledge (with incorrectly specified class def’s)
then behave as with unreliable observations

if expensive observations
then move these out of Sy esent

if correctness of solution is important
then use AC5-strong-explanative

if completeness of solution is important
then use AC1-weak-relevant
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propose knowledge: better-match-scores

if not all observations are equally important
then don’t use BM1-lexical-IEUM-size

if domain ordering knowledge is available
then use BMS&-domain-ordering

if using MS1-IEUM
then use one of BM1-lexical-IEUM-size, BM2-lexical-1EUM-subset, BM2-E-min, BM7-single-sol,
BM8-no-ranking

if using MS3-cosine
then use one of BM4-highest, BM5-top({n)), BM6-difference(e)

if using MS2-numeric
then use one of BM/-highest, BM5-top({n)), BM6-difference(e)

if there is no requirement on the completeness of the solutions
then use BM7-single-sol

4.2 Verification knowledge

There are two different types of verification knowledge. One type is whether the chosen parameters
fit together. We have already captured this type of knowledge in the propose phase. For instance:
“if using MS3-cosine then use AC6-threshold-cosine”. The other type of verification knowledge is
whether the goals and assumptions are satisfied with the proposed task. This verification can be
realised by executing the proposed task, and then check whether the results are as disired. If this
is the case the configuration process is finished. Otherwise the verification phase indicates which
goals and or assumptions are violated.

4.3 Critique knowledge

In the critique phase, we have to indicate which parameter can help to improve the task such that
the goals and assumption are possibly satisfied.

Goals:

e number of solutions (> 1,=1,< 1, < n): solution-admissibility-criterion, better-match-scores

e soundness of solutions (no wrong solution): solution-admissibility-criterion, better-match-
scores

e completeness of solutions (no missing solutions): solution-admissibility-criterion, better-match-
scores
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Assumptions:

e availability of number of values per feature (= 1,> 1, < 1): observation-constraints

e availability of data: feature-scoring-mechanism, macro-scoring-mechanism, solution-admissibility-
criterion

e amount of noise in the data/knowledge: observation-constraints, feature-scoring-mechanism,
macro-scoring-mechanism, solution-admissibility-criterion

e observation costs: solution-admissibility-criterion

Although there are alternatives for critiquing a parameter with respect to a particular goal or
assumption, we have no knowledge about how to choose between these alternatives. For instance,
when to choose parameter solution-admissibility-criterion or better-match-scores for configuring a
possibly more appropriate task description. A critique step is based on the verification results: the
violation of goals and assumptions.

4.4 Modify knowledge

In the modify phase, we have to indicate how a particular parameter can be adapted such that the
goals and/or assumption become satisfied.

In this section we give some examples of modification knowledge of parameters. This knowledge
can be used in two ways: first as knowledge that possibly improves the method, and second as
knowledge that indicates which changes do not have any positive effect.

4.4.1 Goals

parameter: solution-admissibility-criterion A number of examples of concrete values for the
solution-admissibility-criterion are given in section 3.2. Now we will formulate a theorem that we
can use during modifying if the verification phase turns out that there are too many or too few
(none) solutions. First we have to define an ordering on the defined solution-admissibility-criterion.
(everywhere, read S C 5').

Definition 1 (Ordering on solution-admissibility-criterion)

AC5-strong-explanative < AC4-explanative < AC3-weak-coverage
AC5-strong-explanative < AC2-strong-coverage =< AC3-weak-coverage
AC1-weak-relevant < AC3-weak-coverage
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AC3-weak-coverage(S' ) < AC3-weak-coverage(Sconsistent)

consistent
AC2-strong-coverage(Sy,, ) < AC2-strong-coverage(Sknown)
AC4-explanative(Sy,esent) < AC4-explanative(Spresent)
AC2-strong-coverage(S,,, sistents Sknown) = AC2-strong-coverage(S. . i ionir Sknown)
AC2-strong-coverage(S,,, sistents Stnown) < AC2-strong-coverage(Sconsistent> Sknown.)
AC’4-ea:planative( éonsistent? S[/ﬂ‘esent) = AC4_explanatiUe((Sclzonsistenw Spresent)
AC4-explanative(S,y, sistent Spresent) < AC4-explanative((Sconsistents Spresent)
AC5-strong-explanative(Sy, S, S},) < AC5-strong-explanative(S,, Sy, S},)
AC5-strong-explanative(Sy, S, S},) < AC5-strong-explanative(S., Sy, St.)
AC5-strong-explanative(Sy, S, S},) < AC5-strong-explanative(Sy, Sy, Sk)

Theorem 1 (A higher solution-admissibility-criterion gives more solutions) given two so-
lution admissibility criteria sy and so, with s; < so, and all other parameters are equal, then the
set of solutions using s; will be contained in the set of solutions using ss.

If we want to reduce the number of solutions (classes), then we must replace the current defi-
nition for the solution-admissibility-criterion by a definition which is lower in the ordering. For
instance we can replace ACS3-weak-coverage by AC2-strong-coverage or AC5-strong-explanative.
The above theorem can be used in the modify phase if a goal related to the number of solutions
((>1,=1,<1,< n) is violated. We can use the same knowledge for improving completeness or
soundness. For instance if we want to improve the completeness, we have to choose a solution-
admissibility-criterion that os higher in the ordering. If the current solution-admissibility -criterion
is AC2-strong-coverage(Sy,un) then we can reduce the set S, . . Improving the soundness works
in the opposite direction.

However, under some conditions, some changes have no effect at all [9)].

Theorem 2 (No effect)

VS € solutions(..., AC2-strong-coverage, ...)\
{f:feObs} C{f:(f,S) e SolutionSpace} —

solutions(..., AC2-strong-coverage, ...) = solutions(..., AC3-weak-coverage, ...)

solutions(..., AC2-strong-coverage, ...) and solutions(..., AC3-weak-coverage, ...) represent the so-
lutions of the classification problem using the task definition except for the solution-admissibility-
criterion. In this case a change from weak-classification to strong-classification makes no senses, or
vica versa.

Other modify knowledge is:
modify knowledge: solution-admissibility-criterion

if AC/-explanative gives no solutions
then shift from conjunctive reading to disjunctive reading of the ontology and use AC2-strong-
coverage

parameter: better-match-scores We have some guidelines for reducing the number of solu-
tions by adapting the better-match-scores. We formulate a theorem that can be used in the modify
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step for the better-match-scores, when there are too many or too few (none) solutions. First we
have to define an ordering on the defined better-match-scores.

Definition 2 (better-match-scores)

BMT7-single-sol < BM1-lexical-IEUM -size
BM1-lexical-IEUM-size < BM2-lexical-IEU M -subset < BMS8-no-ranking
BM1-lexical-IEUM-size < BM2-E-min < BM8-no-ranking

Theorem 3 (A higher better-match-scores gives more solutions) given two better-match-
scores bmy and bme, with bmy < bme, and all other parameters are equal, then the set of solutions
using bmy will be contained in the set of solutions using bmy.

If we want to reduce the number of solutions (classes), then we must replace the current definition
for the better-match-scores by a definition which is lower in the ordering. For instance we can
replace BM2-lexical-IEUM-subset by BM1I-lexical-IEUM-size. The above theorem can be used in
the modify phase if a goal related to the number of solutions ( (> 1,=1,< 1, < n) is violated.

Other modify knowledge that can be used for reducing the number of number of solutions is:
modify knowledge: better-match-scores
if BM2-lexical-IEUM-subset is used, try BM1-lexical-IEUM-size

if top-n is used, try top-1
if epsilon-distance metric is use, decrease the epsilon-distance

To increase the number of solutions the adaptations are vica versa.

4.4.2 Assumptions

In this section we describe the modify knowledge for the adaptation of some parameters which are
concerned with a violated assumption in the problem solving environment:

modify knowledge: availability of feature values
if the availability of number of values per feature (= 1,> 1, < 1) increases
then move from OC1-single-value-constraint to OC1a-multi-value or OCS-at-least-one-value.

modify knowledge: availability of data
if the availability of data is low
then move from FS1-IEUM to FS2-closeness

if the availability of data is low
then move from MS1-IEUM to MS2-numeric
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modify knowledge: missing data
if there is missing data
then decrease the set Spresent

modify knowledge: noisy data
if there is more noise in the data
then drop OC2-legal-feature-value

if there is more noise in the data
then move from FS1-IEUM to FS2-closeness

if there is more noise in the data
then decrease Sconsistent In the solution-admissibility-criterion parameter

modify knowledge: observation costs
if the cost of observation is higher
then decrease Spresent in the solution-admissibility-criterion parameter

modify knowledge: unreliable domain knowledge
if the domain knowledge is more unreliable
then decrease Spresent in the solution-admissibility-criterion parameter

4.5 Lessons learned

In general, identifying useful brokering knowledge is not an easy task, even in a specific case like
brokering knowledge for classification tasks. To be more concrete: identifying goals and assumptions
is a hard task, and identifying relations between parameters and these goals and assumptions too.
However, we have shown in the previous section that it is doable.

During gathering the brokering knowledge we noticed many dependencies between the parameter
choices. This is reflected in the propose knowledge where the choice of one parameter limited the
choice of others.

At this moment there is a lack of control knowledge in the critique and modify knowledge. In the
critique step we have no knowledge about how to decide which parameters to adjust, and in the
modify step we have no knowledge about which option to choose for the adjustment of a particular
parameter.

The last open issue is the question ”where would the knowledge live that one need for intelli-

gent support for task-configuration?” . Should the brokering knowledge be part of the library, as
annotations to the components or should the brokering knowledge be part of the broker.
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5 Scenario: conference papers classification

This section describes a scenario for the task adaptation process based on the classification scheme
(section 3), the instances of the parameters (section 3.2), and the brokering knowledge (section 4).

The scenario concerns the topic classification of conference papers for the reviewing process. The
classification is based on keywords given by the author. Automatic classification of conference
papers is useful, because of the large volume of papers that have to be classified. Given the fact
that authors are suprisingly bad in giving keywords to their paper, an adaptation of the task
definition will give advantages. For instances if no solution can be found, the task can be changed
such that some solutions are found.

We can use the adaptation of tasks in two ways in the context of the conference paper classification.
First we can configure a classification task for the application of classifying conference papers. We
use testcases for tuning the right task for this application. Another use of the adaptation of
classification tasks is to configure for each paper the most appropriate task. In this section we take
the first viewpoint. We use the general goals and assumptions for classifying conference papers,
and then during the verification we adapt the task depending on the solutions of a number of test
cases.

5.1 Solution space & feature space

The classification of conference papers (ECAI 2002) is based on knowledge about relations between
keywords, area and superarea. The possible features are a pre-defined set of keywords. For instance,
abduction, belief revision, design, KBS. Each keyword is a feature value of 0 or 1. Consequently
there is no distinction between unknown keyword or an absent keyword. Both are represented as
0. The solution classes are the superarea’s.

Available data & knowledge

There are 605 submissions for ECAI 2002. Each such submission contains a title, abstract, key-
words, and the paper itself. In total there are 1990 keywords used by the authors. The pre-defined
list of keywords contains 88 items, there are 15 major categories and 73 minor categories. Fur-

ther more, we have the classification for 189 papers from the program chair. We consider these
classifications as the golden standard.

5.2 Goals and assumptions

The classifying problem of conference papers for the reviewing process has a number of goals and
assumptions.

G1 at least 1 solution per item (paper)
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1 = number of papers classified by the method

II' = number of papers from I agreeing with the Golden Standard
III = number of papers from I disagreeing with the Golden Standard
IV. = Tas % of all papers (605)
V= II as % of Golden Standard (189)
I Im II Iv \Y
submitted, all papers 605 100% -
PC manual, Golden standard 189 189 - 31.29% 100%
No author keys 10 1.66% -

task definition I II 7T 1v Vv

taskq 0 0 0 0 0
tasks 93 16 4 154% 80%
tasks 595 81 99 98.5% 45%
tasky 595 103 77 98.5% 54.5%
tasks 595 145 35 98.5% 76.7%
taskg 595 169 11 98.5% 89.4%

Table 1: These results are obtained from test runs done by our project partners from the University

of Amsterdam (SWI)

G2 the golden standard answer must appear in each solution per item
A1 each keyword is a feature value of 0 or 1

A2 there are irrelevant observations (observations which are no keyword from the pre-defined
keyword set)

5.3 Configuration of task

The configuration of the classification task is based on the goals and assumptions. In this section
we use the above mentioned goals and assumptions and hold these again our propose, critique,
modify knowledge. We start with a propose step, which results in a proposed task/method. Then
we continue with the verification step. When assumptions or goals are violated then we adapt
the task and see whether this task is more appropriate. Below we will discuss the search space of
classification tasks and how we traverse through this space (see figure 4.

In table 1 the results of test runs of different classifiers used in this scenario are given. These test
runs are done by our project partners from SWI of the University of Amsterdam.
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5.3.1 Propose step

In this step we propose a value for each parameter of the classification scheme based on the propose
knowledge that we gave earlier.

e observation-constraints: None of the propose knowledge is applicable. For instance there is no
time pressure, no multi-valued features. Except there is knowledge available on legal feature
values, namely the feature is 0 or 1. Because of the absence of strong propose knowledge
we use the simplest option of taking OC1-single-value-constraint and OC2-legal-feature-value
(namely 0 or 1) as observation constraints.

e feature-scoring-mechanism, macro-scoring-mechanism: The observations do not have real val-
ues. This means that FS2-closeness is no candidate for the feature-scoring-mechanism, and
MS2-numeric is no candidate for the macro-scoring-mechanism. We have no knowledge that
the score is an average of features therefore MS2-numeric and MSS3-cosine are no options.
The option that is left for the feature-scoring-mechanism is the FS1-IEUM, and there are two
options for the macro-scoring-mechanism namely MS1-TEUM and MS1a-IEUM. Arbitrary is
chosen for MS1-IEUM.

e solution-admissibility-criterion: Because of the choice of FSI-IEUM and MS1-IEUM, the
options AC6-treshold-cosine and AC7-treshold are ruled out. Based on the assumption
that there are irrelevant observations three possibilities left: ACI-weak-relevant, AC3-weak-
coverage and AC4-explanative. Since the propose knowledge concerning unreliable domain
knowledge, unreliable observations, whether there are missing observations, expensive ob-
servations, importance of correctness and completeness is not applicable, we have to make
choice between the three alternatives. We choose the strongest solution-admissibility-criterion
among the alternatives, namely ACY-explanative.

e better-match-score: Since we do not know whether all observations are equally important, we
cannot rule out BM1-lexical-IEUM-size. Because there is no domain ordering, possibility of
BM3-domain-ordering is canceled. The choice of MS1-IEUM has the consequence that only
the choices BM1-lexical-IEUM-size, BM2-E-min, BM2-lexical-IEUM-subset, BM7-single-sol
and BMS§-no-ranking are possible. No knowledge is available about the required complete-
ness. This result in the choice of BM7-single-sol.

The proposed task definition is a task that pays attention to the goals and assumption of the
specific application of classifying conference papers for the review process. The task definition is a
proposal, in the sense that it may be violated some assumptions or goals. Based on the proposed
task an improvement of the task will be given in the modify phase.

The current proposed task definition is taskq:

observation-constraints 0C1-single-value-constraint, OC2-legal-feature-value
feature-scoring-mechanism FS1-IEUM

macro-scoring-mechanism MS1-IEUM

solution-admissibility-criterion A C/-explanative

better-match-score BM7-single-sol
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See figure 4, we start at the top with this proposed task. In the figure are short names used, ie.
OC1 means OC1-single-value-constraint.

5.3.2 Verification step (1)

In the verification step we have to verify whether the combination of parameters is ok. This is
already done in our propose step, because there we exploit the knowledge about unuseless task
configuration. The check whether the solutions satisfy the goals and assumptions should be done
by execution of the task and comparing the results to the goals.

Classifying the 605 papers with the proposed method gives no solutions for all these papers. This
is in conflict with G1 that at least 1 solution per item (paper) should be given. Also the second
goal (G2) is violated. In this scenario the critique step is based on the conflict with G1. See figure
4, the branch of G1, G2 and the work-out branch of G1.

5.3.3 Critiquing step (1)

The question here is which parameter have to be adapt based on the verification results. Increasing
the number of solutions can be realised by adapting the better-match-score (BM) and by adapting
the solution-admissibility-criterion (AC). See the two branches AC and BM in the figure 4. We
work out the AC-branch.

5.3.4 Modify step (1)

The question here is how to adapt a particular parameter with respect to its violated goal. Assum-
ing that we have to increase the number of solutions with the solution-admissibility-criterion our
modify knowledge says that in case there are no solutions found with ACY4-explanative, a switch
from conjunctive to disjunctive reading of the ontology (classification knowledge) could be an im-
provement which leads to using A C2-strong-coverage

Other possibilities would be moving to ACS3-weak-coverage that is higher in ordering or to allow
that some features are absent by introducing a set of Spresent, or to allow that some features are

inconsistent by introducing a set of Sconsisent. Again see the branches in the tree (fig. 4).

The current task definition is tasks:

observation-constraints 0C1-single-value-constraint, OC2-legal-feature-value
feature-scoring-mechanism FS1-IEUM

macro-scoring-mechanism MS1-IEUM

solution-admissibility-criterion A C2-strong-coverage

better-match-score BM7-single-sol
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5.3.5 Verification step (2)

The results of using the adapted task is much better. Indeed the number of papers with a solution
increases form 0 to 93. However, still not all papers have a solution, 93 is smaller then 595. Again
we do have a conflict with goal G1 at least 1 solution per item.

5.3.6 Critiquing step (2)

Again we relax the solution-admissibility-criterion.

5.3.7 Modify step (2)

Based on our modify knowledge we will adapt the solution-admissibility-criterion which is lower
in the ordering as AC2-strong-coverage. This adaption could increase the number of solutions,
therefore we take AC1-weak-relevant.

The current task definition is tasks:

observation-constraints 0C1-single-value-constraint, OC2-legal-feature-value
feature-scoring-mechanism FS1-IEUM

macro-scoring-mechanism MS1-IEUM

solution-admissibility-criterion A C1-weak-relevant

better-match-score BM7-single-sol

5.3.8 Verification step (3)

Again, we do a rerun with the adapted task. The number of classified papers increases from 93 to
595. This means that goal G1 is achieved. Given the results there is a discrepancy with goal G2.
The golden standard is not always contained in answers. The golden standard is contained in 45%
of the cases (45% <<100%). We will continue with adaptation of the task.

5.3.9 Critiquing step (3)

An attempt to remove the discrepancy with goal G2, is again to increase the set of solutions. Since
AC1-weak-relevant cannot be reasonably weakened anymore, we adapt the better-match-score.
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5.3.10 Modify step (3)

For increasing the set of solutions by adapting the better-match-score our modify knowledge leads
to use a better-match-score that is higher in the ordering. In our case the closest higher better-
match-score in the ordering is BM1-lexical-IEUM-size.

The current task definition is task4:

observation-constraints 0C1-single-value-constraint, OC2-legal-feature-value
feature-scoring-mechanism FS1-IEUM

macro-scoring-mechanism MS1-IEUM

solution-admissibility-criterion A C1-weak-relevant

better-match-score BM1-lexical-IEUM-size

5.3.11 Verification step (4)

Again, we do a rerun with the adapted task. Indeed, 45% of Golden Standard up to 54.5%. However
there is still a a discrepancy with goal G2. The golden standard is not always contained in answers
(45% << 54.5%). We will continue with adaptation of the task, such that the set of answers
increase.

5.3.12 Critiquing step (4)

As in critiquing step (3), an attempt to remove the discrepancy with goal G2, is again to increase
the set of solutions. Since AC1-weak-relevant cannot be reasonably weakened anymore, we adapt
the better-match-score.

5.3.13 Modify step (4)

For increasing the set of solutions by adapting the better-match-score our modify knowledge leads
to using a better-match-score that is higher in ordering then BM2-E-min and BMS8-no-ranking
are candidates for the better-match-score. We choose the candidate that is closest to the current
better-match-score, namely BM2-E-min. The current task definition is tasks:

observation-constraints 0C1-single-value-constraint, OC2-legal-feature-value
feature-scoring-mechanism FS1-IEUM

macro-scoring-mechanism MS1-IEUM

solution-admissibility-criterion A C1-weak-relevant

better-match-score BM2-E-min
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5.3.14 Verification step (5)

Again, we do a rerun with the adapted task. Indeed, 54.5% of Golden Standard up to 76.7%. The
goal G2 is not satisfied (76.6 % <<100%). We will continue with adaptation of the task, such that
the set of answers increase.

5.3.15 Critiquing step (5)

As in critiquing step (3) and (4), an attempt to remove the discrepancy with goal G2, is again to
increase the set of solutions. Since ACI-weak-relevant cannot be reasonably weakened anymore,
we adapt the better-match-score.

5.3.16 Modify step (5)

For increasing the set of solutions by adapting the better-match-score our modify knowledge leads
to using a better-match-score that is higher in ordering. This results in using BMS§-no-ranking in
stead of BM2-E-min.

The current task definition is taskg:

observation-constraints 0C'1-single-value-constraint, OC2-legal-feature-value
feature-scoring-mechanism FS1-IEUM

macro-scoring-mechanism MS1-IEUM

solution-admissibility-criterion A C1-weak-relevant

better-match-score BMS8-no-ranking

5.3.17 Verification step (6)

Again, we do a rerun with the adapted task. Indeed, 76.7% of Golden Standard up to 89.4%. This
is considered as satisfying goal G2.

5.4 Discussion

With respect to the scenario above we see that there is not very strong propose knowledge concern-
ing the observation-constraints. The search strategy of the PCM method is for the observation-
constraints to take the most simple choices if strong knowledge is not available. When the choice is
based on an ordering then the closest to the current value is chosen. In other cases the choice of a
parameter instance is an arbitrary one if more options are left. As we already mentioned in section
3.3 we have too little knowledge for making a choice for the adjustment of a parameter when there
are more possibilities left. For instances better-match-score or solution-admissibility-criterion. The
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Figure 4: A part of the search space. The trace of the scenario is indicated with the solid arrows.
”Task ¢ = x” means that task ¢ is task ¢ — 1 adapted with z.
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same hold for the modify knowledge, so which modification to choose? In terms of figure 4 this is
"how to choose between the branches of a critique step and modify step?”.

6 Conclusions

In this deliverable, we have proposed an architecture for brokers. The central idea is that a broker
can be seen as performing a parametric design task.

This is a significant reduction in complexity of the broker’s task, for two reasons:

First, a broker no longer performs a completely open design task, but rather the task of the broker
is limited to choosing parameters within a fixed parameterised structure. This requires that the
“problem-solving task to be configured” can be described in terms of such a parameterised structure.
For the purposes of our scenario, where a classification task must be configured, we have shown
that classification tasks can indeed be represented as the required parameterised structure.

Secondly, viewing a broker as performing a parametric design task also gives a basis for a reasoning
model of the broker: propose-critique-modify is a well-understood method for performing para-
metric design tasks, and can be exploited as the basis for our broker. To this end, the required
knowledge for the propose-critique-modify method must be made available to the broker. In our
case, we have shown that for the purposes of configuring classification tasks, this knowledge can be
made sufficiently precise to be useable in an automated method-broker.

We have shown the feasibility of this approach to broker-construction by describing a specific broker
that configures and adapts a classification method to be used in a realistic problem-solving domain,
namely the classification of papers submitted to a large AI conference into the subareas needed for
the assignment of papers to PC members. In a number of iterations, our broker is able to increase
the quality of the classification by successive reconfigurations and adaptations.

We feel confident that this approach to broker-construction (viewing a broker as performing a
parametric-design task, and using propose-critique-modify as the broker’s method) is applicable in
more than just our single example scenario. In earlier work, we have shown that the same approach
could be used to successfully configure diagnostic reasoners.

Our experience in both these cases is that the main difficulty in realising the proposed approach
lies in the identification of the knowledge for the critique and revise steps: if certain goals are
not achieved by the current task-definition, which knowledge must be exploited to identify and
repair the current-task-definition in order to improve its performance. Although we have now
successfully met this challenge in two separate domains (diagnostic and classification reasoning),
only further experiments can tell us if our proposal is indeed generally applicable across a wide
variety of reasoning tasks.
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