Elimination of spurious explanations

Gerhard Friedrich !

Abstract. 2 Example

The generation of explanations is considered as a main asset of
knowledge-based systems. In this paper we show that current afFor the introduction of our concept we take an example from a car
proaches of generating explanations for constraint satisfaction protgonfiguration domain. Let us assume the customers can select various
lems fall short. These approaches can lead to spurious explanatiofgckages for a car. We distinguish betwediusiness packagend a
with respect to a proposed (or selected) solution. We introduce afgcreation packageThe recreation package includes a video-camera
extension of current explanation principles such that all explanationgn the rear side of the car which allows watching the distance to an

of properties regarding a proposed solution are well-founded expladbstacle behind the car. This technical device supports the customer-
nations. oriented product functiorasy parking Note, that customers may

not be interested in the technical details a priori but may request them
. for justifying their confidence in a solution. The business package in-
1 Introduction cludes a sensor system in the back bumper which also supports easy

The generation of explanations has a long tradition in expert systemBarking. However, this sensor system is incompatible with the recre-
For example in the area of sales supporting systems [7] a knowledgé‘lion package for technical reasons (a tow-bar comes along with the
based software application helps the customer to find the right prod€creation package preventing the assembly of the sensor system).
uct (configuration) for her needs. In sales support systems as welfOte, that from a customer point of view, the video-camera and the
as configuration systems the customer has to answer various quexnsor system support tisameproduct functionality. In addition,
tions and finally one product or a manageable number of product® business package includes a radio with a GSM-telephone (GSM-
is presented. Constraint-based methods became a key technology'#fio) which supports hands-free mobile communication.
this area because they offer enough expressive power to representThiS domain can be modeled as a constraint satisfaction prob-
the relevant knowledge. In addition a huge library of concepts andem by the following variables and constraints. The set of variables
algorithms is available to efficiently solve various reasoning tasks. Y is {biz-pack rec-pack videq sensor GSM-radiq easy-parking

In such applications a solution represents a product or a service fiee-con}. Unary constraints define the domains of the variables. For
customer can purchase. Explanations are generated in order to gisbmPplicity we assume for each variable the domgjnin }.
feedback. For example because you, as a customer, told us that com-Further constraints are specified by the following tables:
fortable cars are important to you we included a special sensor sys- ¢r.v % If rec-packis chosen thenideomust be assembled (and
tem in our offer that helps you to park your car easily. Such expla-Vice versa).
nations are exploited by customers in various ways, e.g., to increase €b.r;s If biz-packis chosen antec-packis not chosen thesensor
the confidence in a solution or to facilitate trade-off decisions [4]. IS @ssembledec-packandsensorare incompatible.

In this paper we focus on the question which (customer) decisions v - ) Corys -
led to certain properties of a solution (product). Current approaches _€c-pack  video biz-pack _rec-pack _sensor
employ the abduction principle in order to generate minimal expla- y y y y n
nations for a set of assertions. We show that these approaches output n n y n y
explanations which are based on spurious solutions, thus leading to n y n
wrong reasons why certain customer choices result in particular fea- n n n
tures of a specific product. Based on this observation we propose a n n y

new concept of (minimal) well-founded explanations which elimi- ~ Cv.s. : If videoor sensoris assembled theeasy-parkings sup-

nates spurious explanations. For the construction of an algorithm worted (and vice versa).
explore important properties of this new concept. The new algorithm ~ €v.s.e - .
can be easily integrated with existing constraint satisfaction problem _Vide0 sensor _easy-parking

solvers with acceptable additional computation costs. n n

In Section 2 we introduce a working example which is exploited in y n y
Section 3 to show the problems with current approaches. In Section 4 n y y
we present an analysis of these problems and motivate our new con-_ Y y y

cept. Section 5 introduces well-founded explanations. An algorithm 1€ constraint connecting the variablig-packand GSM-radio

for the computation of well-founded explanations is given in Section!S calledcs,q. ¢4, 5 connect<GSM-radioandfree-com The tables for
6 followed by a discussion of related work. these two constraints are identical to the table,qf.

Let us assume that a customer chooses the business package and
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the recreation package. Consequently, the configured car includes aIl(C) corresponds to the unique minimal fixpoint that contains
video-camera and a GSM-radio. Functions supported by such a car. In casell is correct and complete the tegt € TI(C) can be
are easy-parking and hands-free mobile communication. More forformally replaced by” |= ¢, i.e., every solution of’ is a solution of
mally, if the customer set¢biz-pack = y, rec-pack = y}, then  $. Consequently, Junker follows the abduction principle for defining
the solution to the constraints = {c,.v, Cb,r.s, Cv,s,e, Cb,g; Cg,f } explanations (arguments)
representing the configured car assigieo = y, sensor= n,
GSM-radio=y easy-parking= y, free-com= y. Example continued: There are two minimal explanations (argu-
Let us assume that this solution is presented to the customer. ments) foreasy-parking= y*:
thg customer asks which choices Igd to these functions 0$er EXP1:{rec-pack= y, cr.v, cv.s.c} = €asy-parking= y, which
cific configuredcar clearly the following answer must be provided. js jntended. However, there is a second minimal explanation:
Easy parking is supported because the car comes with a video cam-gypo. {biz-pack= y, Cyrs, Crv, Co.s.c} = SY-parking= y.
era. This video camera is included because it is included in the recre- o ’ .
ation package. Note, that business package is not responsible for eaggrlsequently, onone hanec-pack= y is part of a_m|n|ma| expla-
parking in our case because the sensor system cannot be includedNation foreasy-parking= y but on the other hantiz-pack= y is
Our goal is to provide concepts and algorithms which are able?/SO Partof an alternative minimal explanationéasy-parking= y.
to compute such explanations automatically. In particular we mustiote: that the original solution (for which we are generating expla-
identify those parts of the user input and the knowledge base whichations) includes a video camera. Clearly, the second explanation is
explain features of a given solution. In the following we will review not correct with respect to the original solution since easy parking is

the standard approach for generating explanations which turns out fJ°vided by a video-camera and the video-camera is included by the
allow problematic outputs. recreation package and not by the business package.

The reason for this spurious explanation lies in the fact that if
we choose the business package then either the sensor or the video-
3 Problems with the current approach camera is assembled, depending on the choice regarding the recre-
ation package. In both variants of such a car easy parking is sup-
Abduction is the widely accepted concept for defining explanationported. However, the customéas choserthe recreation package
[3, 8, 11]. The basic idea of these proposals are to use entailant ( Which implied the video-camera. An explanation of a consequence
to explain outputs of a problem solving process. Following [8, 11] weOf user inputs must be based on the solution implied by these user
base our concept on constraint satisfaction. inputs. Reducing the set of user inputs in order to find minimal ex-
More formally, a constraint satisfaction problem (C$@)V, D) planations allows potentially more solutions (logical models) which
[8] is defined by a set of variablég, a set of constraint§, and a ~ May lead to a wrong argumentation. Consequently, the second expla-
global domainD. Each constraint has the forez;, . .., z;) where ~ nation says that if the business package is chosen then all solutions
z,...,x; aren variables in} andc is ann-ary constraint pred- Wil provide easy parking, regardless of other customer choices and
icate. Eachn-ary constraint predicate has an associateaty re-  solutions presented to the customer.
lation R(c) C D". A mappingv : V — D of variables to val-
ues represented by a set of values associated to varigblgs=
o, )|zk € V Avs, = v(zy)} satisfies a constraintz,, ..., z;)iff 4 Analysis and outline of the new concept
(Vzys---,v2;) € R(c). Such a mapping is a solution of the CSP
iff it satisfies all constraints ig. In the following we will elaborate our argumentation in more detail
A set of constraints”' is satisfiable iff the CSP with variables and outline the basic ideas of our new concept for eliminating spu-
V(C) and constraint€’ has a solution. A CSEC, V, D) is trivially rious explanations. We will apply the concept of projection which is
satisfied ifV or C is empty. We also writ€’ = L in the case where defined according to relational algebra in databases. Let constraint

L is a unary constraint with arbitrary variable and empty relation,c have variablese,, ..., z; (and possibly others). The projection
i.e., the CSP is not satisfiable. A mapping V — D is a solution  of constraintc on z;, ..., z; (written asc{z;,...,z;}) is a con-
of (C,V,D) iff CU {(zr = va,)|zk € V(C) A ve, = v(zk)}is straint with variables derived from the variablescdfy removing all
satisfied. Consequently, finding a solution of a CSP is mapped to theariables not mentioned in;, ..., z;, and the allowed tuples of
problem of checking the consistency of a set of constraints. are defined by a relatioR(c{x;, ...,x;}) consisting of all tuples
Entailment is defined as usual: (Vz;, - -+, vz,;) SUCh that a tuple appears R(c) with z; valuev,,,

e T valuevzj . A constraint with no variables is trivially satisfied.
Definition 1 (Junker) A constrain is a (logical) consequence ofa  Subsequently, we compare the solutions of the original problem
set of constraint& with variablesV/ (C) iff all solutions of the CSP ~ and of the two minimal explanations EXP1 and EXP2. The only
with variablesV (C'U¢) and constraint<” also satisfy the constraint ~ solution based on the set of all constraidtsand all user inputs

6. We writeC' |= ¢ in this case. rec-pack= y andbiz-pack= y (the original CSP) is:
rec biz vid sen eas gsm fre

Junker [8] gives the following definition of an explanation (rsp. y y y n .y -y 'y )
argument) based on a propagation opergtor For the_ explanation afasy-parking= y where we use EX_Pl (_|.e.,
the user inputec-pack= y andc, ., cv,s,c), the solutions implied
Definition 2 (Junker) Letll be a propagation operato(C, V, D) a for the original variable3’ are

consistent CSP, and a constraint. 3 Junker partitions the set of constraints in explainers and a background the
. - u 1] | | X | u -
A subset of Cis called all-argument for) andC iff ¢ € I1(C). ory. In order to simplify our presentation we omit this partitioning. This

C'is a minimalll-argument forp and (C, V, D) iff no proper subset partitioning can be introduced in our concepts easily.
of C'is all-argument forp and (C,V, D) . 4 We consider user inputs as additional constraints.




solution | rec  biz vid sen eas gsm fre the variables ot.
1 y y y n y y y
2 y n y n y n n
In both solutionseasy-parkings y. Solution 1 is identical to the
solution of the original CSP. However, Solution 2 differs in the vari- . A . ) . )
ables{biz-pack GSM-radiq free-con} from the original CSP. So we c, V)isa minimal explanation fog in (¢, v, D) iff there exists
might argue that an explanation eventually exploits values of vari?®C" C C¢'andnoV” C Vs.t.(C", V) or (C, V') or (C“, V') is an
ables which are out of the scope of the original solution and there€XPlanation for in (C,V, D) .
fore might lead to a spurious explanation. However, in order to deriv
easy-parking= y we only need the constraints ., cy,s,.. Conse-
quently, variableqbiz-pack GSM-radiq free-con} are superfluous
to deriveeasy-parking= y. Even not all variables i, ., Cy,s,e
are necessary for the derivation. If we analyze . then we rec-

ognize that settingideoto y implies easy-parking= y, regard-  Remark 1 If C{V'} } ¢ then for all V' C V holdsC{V"} | ¢.

less of the value osensor Consequently, the relevant variables in The same applies for deleting constraints. However, it could be the
our case areec-pack videq and easy-parking The solutions of  case that(C’, V) and (C, V') are minimal explanations fog in
{rec-pack= y, ¢.., v} and the solutions of the original CSP (¢ v D) andC’ c C andV’ C V.

projected on these relevant variables are identical.

Definition 3 Let(C, V, D) be a satisfiable CSlg a constraint.
Atuple(C,V) whereC C C andV C V is an explanation for
in (C,V,D)iff C{V} |= ¢.

e‘Example cont.: ({rec-pack = y, ¢rv, Cuv,s,c}, {rec-pack videq
easy-parking) is a minimal explanation foeasy-parking= y.

For the computation of minimal explanations we employ the fol-
lowing monotonicity property.

For the explanation afasy-parking= y where we use EXP2 (i.e., We employ a CSP to find a solution for a user. Such a solution is
the user inpubiz-pack= y and the constraints, . s, cruv, Cu,s,e),s described by a set afolution relevantvariablesS which comprise
the solutions implied for the original variabl&sare all or a subset of variables of the CSP. We make the reasonable as-
solution \ rec biz vid sen eas gsm fre sumption, that there is enough information provided by the user (or
1 y y y n y y y about the user) such that the CSP unambiguously defines the values
2 n y n y y y y of variablesS. More formally, [ = {(zx = ve, )|z € SA(C =

Since we only needy , s, ¢rw, Cuse fOr the explanation, =z, =wv,,)}. For example in car configuration the user has to provide
the variables not included in these constraints are irrelevant foenough information such that a car is well-defined. Information gath-
this explanation. All other variables in these three constraintsering is the task of an elicitation process [10, 1]. Our approach deals
(i.e., biz-pack rec-pack videq sensor easy-parkiny are needed. with the generation of explanations of properties of a (possible) so-

For example if we delete the variablédeo then {biz-pack = lution for a user. Consequently, a user can explore various solutions
Yy Corsy Cru{r}, Cuse{s,e}} & easy-parking= y. and can ask for an explanation regarding the relation between user
The solutions w.r.t. these relevant variables are decisions and properties of a specific solution.
solution | rec _biz vid sen eas Subsequently, the projectigi{ v} of a solution/ on variables/
1 y 'y y n y is defined af (zx = vz, )2k € V A (2 = va,,) € [}
2 n y n y y The definition of well-founded explanations for a propeftw.r.t.

The argumentation foeasy-parking= y must show that in both 5 yser solutiorf is based on the following idea. First, an explanation
solutions (in both logical model€asy-parking= y is contained. In (C,V) for ¢, i.e.,C{V} = ¢ must show that every solution (log-
particular, the constraimt, . s, and the user inpuiiz-pack= yimply jcal model or sometimes called possible world model v’} is
eithersensor= y or rec-pack= y. rec-pack= y impliesvideo=y. 5 solution (a model) fors. Second, ifC{V'} allows some possible
In both casesasy-parking= y is implied byc, ;... Please note, that \yorid models with value assignments of solution relevant variables
this argumentation uses variable settings which are not contained i gther than those assigned frthen the explanation af is based
the original solution, e.g., the car we are talking about comes with g, possible world models which are in conflict to the original solu-
video and not with a sensor equipment. We consider such an argyion | (which was presented to the user). Therefore we must assure

mentation as spurious because it argues with a possible world whichat every possible world (solution) 6t{V'} is consistent with the
is apparently not possible under the current settings. variable assignment gff

The principal idea of our approach is, that an explanation based on
constraints”' for a constraint) and for a specific solutiofi must im- Definition 4 Let (C,V, D) be a satisfiable CSH; the solution of
ply ¢ and the possible solutions of the explanation must be consister{C, V', D) for the solution relevant variableS, (C, V') an explana-
with the specific solutiorj (w.r.t. the relevant variables). tion for ¢.

Atuple(C, V) is a well-founded (WF) explanation fgrw.r.t. [ iff
every solutiors{S} of (C{V'},V, D) isapartoff (i.e.,s{S} C /).

(C, V) is a minimal well-founded (MWF) explanation forw.r.t.

The following definitions of explanation will lead to a more concise / Tt tf/lere/ exists n@’ C C'andnoV’ C V' s.t.(C", V) or (C, V)
explanation compared to previous approaches [8]. We not only con2’ (", V") is a WF explanation fop in (C, V, D) w.rt. [.

sider the relevance of constraints but also investigate the relevan(‘Fgemark 2 Let (C,V, D) be a satisfiable CSRC, V) an explana-
of variables. The goal is to compute a minimal explanation (:onsistiion for ¢ and [ ti71e 7so|ution of(C, V', D) for the 7so|ution relevant

ing of constraints and variables needed to deduce a certain prOperWariablesS. T

Constraints and variables in such an explanation are exploited to con-

struct arunderstandablargumentation chain for the user [1]. Forthe 1. An explanation (C,V) is a well-founded explanation for
introduction of our concepts we need the application of projectionon (C,V, D) w.rt. [ iff C{V} &= [{V}.

a set of constraintg’{V'} is defined by applying the projection on 2. If (C,V, D) is satisfiable and’ |= ¢ then there always exists a
VCVtallce C,ie.,.C{V} ={c{VNV(c)}ce C}. V(c)are well-founded explanation fap.

5 Well-founded explanations



3. Itcould be the case that for a satisfialfg V, D) andag s.t.C = 4. Let(C,V) be minimal forV foraC C C s.t. C{V'} = ¢ but for
¢ and [ the solution of(C, V, D) for S there exists no minimal al V! c vV :C{V'} b ¢.
explanation ofp which is also well-founded. For all ¢’ C C whereC'{V'} & ¢, it follows that for allV’' C
] o V:C{V'} ¥ ¢.
By applying Definitions 3, 4 and Remark 2.1 the subsequent corok Let(C, V) be minimal forV’ foraC' C € s.t.C{V} = [{V'} but
lary follows immediately which characterizes well-founded explana-  ¢or a1 v/ v - C{V'} I [{V'Y. -

tions based on logical entailment. For all ¢’ C C whereC’{V’} = [{V}, it follows that for all
/ e ’ ’
Corollary 1 Let(C,V, D) be a satisfiable CSP anfithe solution of ViV OV VT
(C,V, D) for the solution relevant variables. The proposed algorithm for computing MWF explanations com-
Atuple(C, V) whereC' C C andV C Vis a well-founded expla-  prises four functions. FunctioklWF-explain(depicted in Figure 1)
nation foro w.rt. [ iff C{V} = ¢ A [{V}. is called fora CSRC, V, D) with C, V, ¢, and/ as input parameters.

MW(F-explain first minimizes the set of variables and then the set of
constraints. For the minimization of constraints the functixfuce-
constraintsis employed using a standard explanation algorithm [8].
The minimization of variables is realized by the Functieduce-
variablesdepicted in Figure 2. This function starts with a check if
C E ¢. Then it investigates the variables Yf The function holds
two sets of variabled/ corresponds to a working seX, corresponds

to the variables necessary for a MWF explanation. If a selected vari-
ablez of V' is necessary s.tV — z) U X does not contain the vari-
ables of at least one well-founded explanation thds included in

X. Otherwisey is deleted from/. In the investigation of the neces-
sity of variablex the FunctiomrmaxV(depicted in Figure 3) is called.

6 Computing minimal well-founded explanations This function returns a maximal set of variablg$ of V — z s.t.
C{V'u X} = [{V' U X} if such aV’ exists. Otherwise, it re-
turns 'no’. In addition it returns the propagation state via an in/out
parameter.

Example cont.: Let a car be characterized by the solution relevant
variablesvideq sensor GSM-radiowhich describe the configuration
needed for manufacturing{rec-pack= y, ¢r.v, cv,s,e }, {rec-pack
videq easy-parking) is a MWF explanation foeasy-parking= y
w.r.t. the solution (car configuration)ideo = y, sensor = n,
GSM-radio = y. It entails easy-parking= y andvideo = y.
({biz-pack = y, cp,r,s; Cruv, Cu,s,e}, {biz-pack rec-pack videq
sensor easy-parking) is a minimal explanation foeasy-parking=

y but it is not well-founded since it does not entaitleo = y,
sensor= n.

The following remarks are exploited for the design of an algorithm
that computes MWF explanations. The truth value@fV}
[{V'} is non-monotonic w.r.t. the addition or deletion of variables
of V. For example althougl{V'} [~ [{V} there could exist a f,nction MWF-explaiiC, V, ¢, [)

non emptyV" C V s.t. C{V'} |= [{V'}. Reducing (or adding) o, ¢ set of constraintsy” set of variables$ a constraint
variables reduces (adds) constraints on both sides of the entailme@gf the solution of(C, V, D) for the solution relevant variables

relation. _ ) V := reduce-variabldg>, V, ¢, [);
For the computation we employ a propagation operbt@s de-  ~._ reduce-constraint€’, V, ¢, /);

scribed above and following [8]. Additions and deletions of con- at,m (C,V) endfunction
straints are performed by an add and delete operatofI (& := ()
andII(C) := addII(C’),c) for setsC’ ¢ C C C andC =
C’ U {c}. II(C") := deletdII(C), c). Deleting a variable: in a set
of constraints corresponds to deletionrof- 1 equality constraints

wheren is the number of constrainiswherez is a variable, i.e., % C input and output: a set of constraints and propagation state

z € V(e). 0 R . .
. % X : | f | f MWF expl
Remark 3.1. and 3.2. say that if we lost the well-founded propertyC? .:c;.l;(tglf{tvi;m'ma setof variables needed for a explanation

becaus€{V'} }~ ¢ by deleting constraints or variables this property I I
cannot be restored by additional deletions. Remark 3.3. states thathc ¢_€®C then throw exception o explanation’
we lost the property o {V} = [{V} (e.g., by variable deletions) o)
) o ) >’ while V # () do
and this property can be restored by additional variable deletions, 2 := an-element-fV/);
then there is a maximal set of variablgs, C V s.t. C{V,,} E C”f— C '
[{Vin}. Remark 3.4. and 3.5. tell us that if we have minimized the v’ '_: m’axV(C’ Ve, X, f);
variables w.r.t. ta or [ then this minimality property is preserved if if Vi’i;é no’ ther’l s

Figure 1. Computation of a MWF explanation

function reduce-variabl€gout C, V, ¢, [)

we delete constraints. Consequently, we can first minimize variables if ¢ € C' thenV := V'; C := C'

and then constraints. elseX = X U{z}; V i= V — {«} endif
Remark 3 Let (C,V,D) be a satisfiable CSP} the solution of elseX := X U {z}; V := V — {z} endif endwhile;
(C,V, D) for the solution relevant variables, and¢ a constraint. return.X’ endfunction

. . . Figure 2. Reduction of variables
1. if C{V'} [~ ¢ then there is no well-founded explanatit@, V')

for (C,V, D), [, ¢ with variablesV’ C V.

2. if C{V} [~ ¢ then there is no well-founded explanati¢@’, V) Theorem 1 Let (C,V, D) be a CSPy a constraint to be explained
for (C,V, D), [, ¢ with constraintsC’ C C. w.r.t. the solution/ for the solution relevant variablesS.

3. LetC CCandV CVst.C{V} [~ [{V}. The function MWF-explaiit, V, ¢, [) always terminates. I =
If there existsV’ C V andV’ # 0 s.t.C{V'} &= [{V'} then ¢ then MWF-explain terminates with an exception. Otherwise, it re-
there is a unique maximal,,, C V s.t. for all V" whereV,,, C turns a minimal well-founded explanation (C,V)dfvith respect to
VICVv.Cc{V"} £ [{V"}. the solution/ for the solution relevant variables.



function max\(inoutC,V, z, X, [)
% outputs &' C (V — {z}) s.t. V' is a maximal set of
% variables wher€{V' U X} = [{V' U X}
% if such a set exists, otherwise return 'no’
% additional output i€”, the current propagation state
diff .= {z};
V' i=V — diff;
loopC :=II(C{X U (V — diff)});
forall (y = v) € [{X U (V —diff)} do
if (y=v) ¢ C then
if y e V' thenV' :=V' —y
else return 'no’ endif endif endforall;
if V' =V — diff then returnv’
else diff:= V' — V' endif endloop endfunction
Figure 3. Maximize variables s.t. solution is entailed.

The computational costs can be estimated as followsnldie
the number of constraints and, the number of variables in a CSP
(C,V,D) . The complexity of Functiomeduce-variabless O(n.)
add-constraint operations aft{n?2) delete-variable operations. The

functionreduce-constraintsan be implemented by a standard expla-

nation algorithm [8] which has a complexity 6kn?2) add-constraint
operations in the worst caseConsequently the total complexity of
finding a MWF explanation i©)(n?) add-constraint operations plus

do not presume a functional property of constraints. Therefore, we
allow a more general form of knowledge. It is interesting to note that

our method solves the standard rock-throwing example [9] correctly
although our intention was not to provide causal explanations. The
investigation of relationships between causal explanations and our
proposal will be the subject of future work.

8 Conclusions

In this paper we have shown that current approaches for the genera-
tion of explanations fall short. These approaches may compute spu-
rious explanations which are incompatible to a solution proposed.
Based on an analysis of these problems we developed the new con-
cept of well-founded explanations for CSPs. We showed some impor-
tant properties of this concept which were exploited to develop a non-
intrusive algorithm for the computation of minimal well-founded ex-
planations with acceptable additional computation costs.
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