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Abstract

We proposea new definition of (causal)explana-
tion, usingstructural equationsto modelcounter-
factuals. The definition is basedon the notion of
actual cause, asdefinedandmotivatedin a com-
panionpaper. Essentially, an explanationis a fact
thatis notknown for certainbut, if foundto betrue,
wouldconstituteanactualcauseof thefactto beex-
plained,regardlessof theagent’sinitial uncertainty.
We show that thedefinitionhandleswell a number
of problematicexamplesfrom theliterature.

1 Intr oduction
The automaticgenerationof adequateexplanationsis a task
essentialin planning, diagnosisand natural languagepro-
cessing. A systemdoing inferencemust be able to ex-
plain its findings and recommendationsto evoke a user’s
confidence. However, getting a good definition of expla-
nation is a notoriously difficult problem, which has been
studied for years. (See [Chajewska and Halpern, 1997;
Gärdenfors,1988;Hempel,1965;Pearl,1988;Salmon,1989]
andthe referencesthereinfor an introductionto anddiscus-
sionof theissues.)

In [HalpernandPearl,2001], we give a definition of ac-
tual causalityusingstructuralequations.Herewe show how
theideasbehindthatdefinitioncanbeusedto giveanelegant
definition of (causal)explanationthat dealswell with many
of theproblematicexamplesdiscussedin the literature. The
basicidea is that an explanationis a fact that is not known
for certainbut, if foundto betrue,would constituteanactual
causeof theexplanandum(the fact to beexplained),regard-
lessof theagent’s initial uncertainty.

2 CausalModels: A Review
To make this paperself-contained,this sectionrepeatsma-
terial from [HalpernandPearl,2001]; we review the basic
definitionsof causalmodels,asdefinedin termsof structural
equations,and the syntaxand semanticsof a languagefor�
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reasoningaboutcausalityandexplanations.See[Gallesand
Pearl, 1997; Halpern,2000; Pearl, 2000] for more details,
motivation,andintuition.

Causal Models: The basicpicture is that the world is de-
scribedby randomvariables,someof which may have a
causalinfluenceon others. This influenceis modeledby a
set of structural equationsEachequationrepresentsa dis-
tinct mechanism(or law) in the world, which maybe modi-
fied (by externalactions)withoutalteringtheothers.In prac-
tice, it seemsuseful to split the randomvariablesinto two
sets,the exogenousvariables,whosevaluesaredetermined
by factorsoutsidethe model,andthe endogenousvariables,
whosevaluesaredeterminedby theendogenousvariables.It
is theseendogenousvariableswhosevaluesaredescribedby
thestructuralequations.

More formally, a signature � is a tuple ���
	��
	���� , where� is a finite setof exogenousvariables,� is a finite setof
endogenousvariables,and � associateswith every variable��� ����� a nonemptyset ��� � � of possiblevaluesfor

�
.

A causal (or structural) modelover signature� is a tuple� � ����	���� , where � associateswith eachvariable � �
� a function denoted��� suchthat � �"!#�%$'&)(%*+����,-�.�
$�/$'0 (%132546�87 ��� � �.�:9;���<�=� . ��� tells us the valueof �
giventhevaluesof all theothervariablesin �>�?� .

Example2.1: Supposethatwe wantto reasonabouta forest
fire thatcouldbecausedby eitherlightning or a matchlit by
anarsonist.Thenthecausalmodelwould have thefollowing
endogenousvariables(andperhapsothers):@ � for fire ( � ��A

if thereis one, � �CB
otherwise)@CD for lightning ( D �EA

if lightning occurred, D �FB
otherwise)@ ML for match lit (ML

�GA
if the match was lit and� D �CB

otherwise).

Theset� of exogenousvariablesincludesconditionsthatsuf-
fice to make all relationshipsdeterministic(suchaswhether
the wood is dry, there is enoughoxygen in the air, etc.).
Supposethat HI is a settingof the exogenousvariablesthat
makesa forestfire possible(i.e., thewoodis sufficiently dry,
thereis oxygenin the air, and so on). Then, for example,� JK�LHI 	 D 	 ML � is suchthat � �MA

if either D �MA
or ML

�MA
.
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Given a causalmodel
� � �N��	.�O� , a (possiblyempty)

vector H� of variablesin � , and vectors HP and HI of val-
uesfor the variablesin H� and � , respectively, we can de-
fine a new causalmodeldenoted

�RQ�)S QT over the signature

� Q� � ���
	��VU H�W	.�YX 1'2 Q� � . Intuitively, this is the causal

model that resultswhen the variablesin H� are set to HP by
externalaction,thecauseof which is not modeledexplicitly.
Formally,

�ZQ�[S QT � ��� Q� 	��
Q�[S QT � , where �

Q�\S QT0 is obtained

from � 0 by settingthevaluesof thevariablesin H� to HP .
We candescribe(somesalientfeaturesof) a causalmodel�
usinga causalnetwork. This is a graphwith nodescor-

respondingto the randomvariablesin � andanedgefrom a
nodelabeled� to onelabeled

�
if � 0 dependson thevalue

of � . Intuitively, variablescanhave a causaleffect only on
their descendantsin thecausalnetwork; if

�
is not a descen-

dantof � , thena changein the valueof � hasno affect on
thevalueof

�
.

We restrict attention to what are called recursive (or
acyclic) equations;theseareonesthatcanbedescribedwith
acausalnetwork thatis adag.It shouldbeclearthatif

�
is a

recursivecausalmodel,thenthereis alwaysauniquesolution
to theequationsin

� Q�[S QT , givenasetting HI for thevariables
in � . Suchasettingis calledacontext. Contextswill play the
role of possibleworldswhenwe modeluncertainty.

Syntax and Semantics: Givena signature� � �N�
	��
	���� ,
a formula of the form � � P , for � �^]

and P � ���<�=� ,
is calleda primitive event. A basiccausalformula is oneof
the form _ � `�acb�` 	/deded/	 �gfhaibgfkjml

, where
l

is a Boolean
combinationof primitive events;

��` 	ed/dedL	 �nf 	o� arevariables
in � ;

� ` 	ed/dedL	 � f aredistinct; P � ���<�=� ; and
bnp?� ��� �gp � .

Sucha formula is abbreviated as _ H�qa Hbrjsl . The special
casewhere t ��B

is abbreviatedas
l

. Intuitively, _ � ` ab�` 	eded/de	 �nfuavbnf%jsl
saysthat

l
holds in the counterfactual

world thatwouldariseif
� p

is setto
b p

, w ��A 	/ded/dL	et . A causal
formula is aBooleancombinationof basiccausalformulas.

A causalformula
l

is trueor falsein acausalmodel,given
a context. We write � � 	xHI �yX �zl

if
l

is truein causalmodel�
givencontext HI . � � 	xHI �{X � _ H�|a Hbrj �N� � P � if thevari-

able � hasvalue P in theunique(sincewe aredealingwith
recursivemodels)solutionto theequationsin

�MQ0 S Q} in con-
text HI (that is, theuniquevectorof valuesfor theexogenous

variablesthat simultaneouslysatisfiesall equations�
Q0 S Q}~ ,�M� �=U H� , with thevariablesin � setto HI ). We extendthe

definitionto arbitrarycausalformulasin theobviousway.
Note that the structuralequationsare deterministic. We

lateraddprobabilityto thepictureby puttingaprobabilityon
thesetof contexts (i.e.,on thepossibleworlds).

3 The Definition of Explanation
As wesaidin theintroduction,many definitionsof causalex-
planationhave beengiven in the literature. The “classical”
approachesin the philosophyliterature, such as Hempel’s
1965deductive-nomological modelandSalmon’s 1989sta-
tistical relevancemodel(aswell asmany otherapproaches)

have a seriousproblem:they fail to exhibit thedirectionality
inherentin commonexplanations.While it seemsreasonable
to say“the heightof the flag poleexplainsthe lengthof the
shadow”, it would soundawkwardif onewereto explain the
former with the latter. Despiteall the examplesin the phi-
losophyliteratureon theneedfor takingcausalityandcoun-
terfactualsinto account,andtheextensive work on causality
definedin termsof counterfactualsin the philosophylitera-
ture, as Woodward 2001 observes, philosophershave been
reluctantto build a theoryof explanationon top of a theory
of causality. Theconcernseemsto beoneof circularity.

In [Halpern and Pearl, 2001], we give a definition of
causalitythatassumesthat thecausalmodelandall therele-
vantfactsaregiven;theproblemis to determinewhichof the
givenfactsarecauses.(Wediscussthisdefinitionin morede-
tail below.) We givea definitionof explanationbasedon this
defintionof causality. The role of explanationis to provide
the informationneededto establishcausation.As discussed
in theintroduction,weview anexplanationasafactthatis not
known for certainbut, if foundto betrue,would constitutea
genuinecauseof theexplanandum,regardlessof theagent’s
initial uncertainty. Thus,what countsasan explanationde-
pendsonwhatyoualreadyknow and,naturally, thedefinition
of explanationis relative to theagent’s epistemicstate(asin
Gärdenfors1988).It is alsonatural,from thisviewpoint, that
anexplanationincludesfragmentsof thecausalmodelM, or
referenceto thephysicallaws which underlythe connection
betweenthecauseandtheeffect. To borrow anexamplefrom
[Gärdenfors,1988], if wewantanexplanationof why Mr. Jo-
hanssonhasbeentaken ill with lung cancer, the information
that he worked in asbestosmanufacturingfor many yearsis
not going to be a satisfactory explanationto someonewho
doesnot know anythingabouttheeffectsof asbestoson peo-
ple’s health. In this case,thecausalmodel(or relevantparts
of it) mustbepartof theexplanation.On theotherhand,for
someonewhoknowsthecausalmodelbut doesnotknow that
Mr. Johanssonworkedin asbestosmanufacturing,theexpla-
nationwould involveMr. Johansson’semploymentbut would
not mentionthecausalmodel.

Ourdefinitionof explanationis motivatedby thefollowing
intuitions. An individual in a given epistemicstate � asks
why

l
holds.Whatconstitutesagoodanswerto hisquestion?

A goodanswermustprovideinformationthatgoesbeyond �
andbesuchthat the individual canseethat it would, if true,
be (or bevery likely to be)a causeof

l
. We mayalsowant

to requirethat
l

betrue(or at leastprobable).Althoughour
basicdefinitiondoesnot requirethis,but it is easyto do so.

To make this precise,we mustexplain (1) what it means
for � to be a causeof

l
and(2) how to capturethe agent’s

epistemicstate.In [HalpernandPearl,2001], we dealtwith
thefirst question.In thenext subsectionwereview thedefini-
tions.Thefollowing subsectionsdiscussthesecondquestion.

3.1 The Definition of Causality
We wantto makesenseof statementsof theform “event � is
anactualcauseof event � in context HI of model

�
”. Note

thatwe assumethecontext andmodelaregiven. Intuitively,
they encodethebackgroundknowledge.All therelevantfacts
areknown. The only questionis picking out which of them
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arethecausesof
l

.
The� typesof eventsthatweallow asactualcausesareones

of theform � ` � P `/� d/ded � � f � P f —thatis,conjunctionsof
primitiveevents;we typically abbreviatethis as H� � HP . The
eventsthatcanbecausedarearbitraryBooleancombinations
of primitive events. We arguein [HalpernandPearl,2001]
thatit is reasonableto restrictcausesto conjunctions(and,in
particular, to disallow disjunctions). This restrictionseems
lessreasonablein the caseof explanation;we returnto this
point below. In any case,thedefinition of causalitywe give
is restrictedto conjunctivecauses.

Definition 3.1: (Actual cause) H� � HP is anactualcauseof
l

in � � 	xHI � if thefollowing threeconditionshold:

AC1. � � 	�HI �{X � � H� � HP � � l . (That is, both H� � HP and
l

aretruein theactualworld.)

AC2. Thereexistsa partition � H� 	 H� � of � with H�i� H� and
somesetting �LHP�� 	'H�#� � of the variablesin � H�W	 H� � such
thatif � � 	�HI �'X � � �^�u�g� � for

��� H� , then

(a) � � 	xHI ��X � _ H� a HP�� 	 H��a H�#� js�'l . In words,chang-
ing � H�W	 H� � from �LHP 	3H� � to �LHP�� 	'H�#� � changes

l
from

trueto false;
(b) � � 	�HI ��X � _ H� a HP 	 H� a H�#� 	 H� � a H�g�ojsl for all

subsets H� � of H� . In words,setting H� to H�#� should
have no effect on

l
aslong as H� is keptat its cur-

rentvalue HP , evenif all thevariablesin anarbitrary
subsetof H� are set to their original valuesin the
context HI .

AC3. H� is minimal;nosubsetof H� satisfiesconditionsAC1
andAC2. Minimality ensuresthat only thoseelements
of theconjunction H� � HP thatareessentialfor changingl

in AC2(a)areconsideredpart of a cause;inessential
elementsarepruned.

For futurereference,wesaythat H� � HP is aweakcauseof
l

in � � 	xHI � if AC1andAC2 hold,but not necessarilyAC3.
The core of this definition lies in AC2. Informally, the

variablesin H� shouldbe thoughtof as describingthe “ac-
tive causalprocess”from H� to

l
. Theseare the variables

thatmediatebetween H� and
l

. AC2(a)saysthatthereexists
a setting HP�� of H� that changes

l
to
�'l

, aslong asthe vari-
ablesnot involvedin thecausalprocess( H� ) takeonvalue H�#� .
AC2(a)is reminiscentof the traditionalcounterfactualcrite-
rion of Lewis 1986b,accordingto which

l
shouldbefalseif

it werenot for H� being HP . However, AC2(a)is morepermis-
sive thanthetraditionalcriterion;it allowsthedependenceofl

on H� to betestedunderspecialcircumstances.
AC2(b)is anattemptto counteractthe“permissiveness”of

AC2(a)with regardto structuralcontingencies.Essentially, it
ensuresthat H� alonesufficesto bring aboutthechangefroml

to
�'l

; setting H� to H� � merely eliminatesspuriousside
effectsthattendto masktheactionof H� . It capturesthefact
thatsetting H� to H�#� shouldnot affect thecausalprocess,by
requiringthatchanging H� from H� to H� � hasno effect on the
valueof

l
.

This definition is discussedand defendedin much more
detail in [HalpernandPearl,2001], whereit is comparedto
other definitionsof causality. In particular, it is shown to
avoid a numberof problemsthat have beenidentified with
Lewis’saccount(e.g.,see[Pearl,2000,Chapter10]), suchas
commitmentto transitivity of causes.For thepurposesof this
paper, we askthat the readeracceptthe definition. We note
that,to someextent,our definitionof explanationis modular
in its useof causality, in that anotherdefinition of causality
could be substitutedfor the onewe usein the definition of
explanation(providedit wasgivenin thesameframework).

Thefollowing examplewill helpto clarify thedefinitionof
bothcausalityandexplanation.

Example3.2: Supposethat two arsonistsdroplit matchesin
differentpartsof a dry forest;bothcausetreesto startburn-
ing. Considertwo scenarios.In thefirst, called“disjunctive,”
either matchby itself suffices to burn down the whole for-
est.Thatis, evenif only onematchwerelit, theforestwould
burndown. In thesecondscenario,called“conjunctive,” both
matchesarenecessaryto burn down the forest; if only one
matchwerelit, thefire would die down beforetheforestwas
consumed.We candescribethe essentialstructureof these
two scenariosusingacausalmodelwith four variables:@ an exogenousvariable , which determines,among

other things, the motivation and state of mind of
the arsonists. For simplicity, assumethat ���o,�� �� I���� 	 I ` � 	 I � ` 	 I `�`L� ; if , � I p<� , thenthe first arsonist
intendsto startafire if f w ��A

andthesecondarsonistin-
tendsto startafire if f � ��A

. In bothscenarios, � I `�` .@ endogenousvariablesML
`

andML� , eacheither0 or 1,
whereML

p{��B
if arsonistw doesn’t dropthematchand

ML
p ��A

if hedoes,for w ��A 	.� .@ anendogenousvariableFB for forestburnsdown, with
values0 (it doesn’t) and1 (it does).

Both scenarioshave the samecausalnetwork (seeFigure
1); they differ only in the equationfor FB. Given I �
���o,�� , for the disjunctive scenariowe have � J+� � I 	 A 	 A � �� J+� � I 	 B 	 A � � � J�� � I 	 A 	 B � ��A

and � J+� � I 	 B 	 B � ��B
;

for the conjunctive scenariowe have � J+�8� I 	 A 	 A � � A
and� J+�#� I 	 B 	 B � � � J+�8� I 	 A 	 B � � � J+�8� I 	 B 	 A � �CB

.
In general,thecausalmodelfor reasoningaboutforestfires

would involve many othervariables;in particular, variables
for other potential causesof forest fires such as lightning
andunattendedcampfires.Herewe focuson thatpartof the
causalmodel that involves forest fires startedby arsonists.
Sincefor causalitywe assumethat all the relevant factsare
given, we canassumeherethat it is known that therewere
no unattendedcampfiresand therewasno lightning, which
makesit safeto ignorethatportionof thecausalmodel.

Denoteby
�W`

and
� � the (portionof the)causalmodels

associatedwith thedisjunctiveandconjunctivescenarios,re-
spectively. Thecausalnetwork for therelevantportionof

� `
and

� � is describedin Figure1.
Despitethedifferencesin the underlyingmodels,it is not

hardto show thateachof ML
` �¡A

andML� �¢A
is a cause

of FB
�FA

in both scenarios.We presentthe argumentfor
ML

`£�|A
here. To show thatML

`��RA
is a causein

�W`
let
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ML1 ML2

U

FB

Figure1: Thecausalnetwork for
�W`

and
� � .

H�|� �
ML

` 	 FB
�
, so H�¤� �

ML� � . It is easyto seethat the
contingency ML� �ZB

satisfiesthe two conditionsin AC2.
AC2(a)is satisfiedbecause,in theabsenceof thesecondar-
sonist(ML� �¥B

), thefirst arsonistis necessaryandsufficient
for thefire to occur � FB

��A � . AC2(b)is satisfiedbecause,if
thefirst matchis lit (ML

`¦��A
) thecontingency ML� �§B

does
not prevent thefire from burning theforest. Thus,ML

`
�¡A
is acauseof FB

��A
in
� `

. (Notethatweneededto setML�
to 0, contrary to facts, in order to reveal the latent depen-
denceof FB on ML

`
. Sucha settingconstitutesa structural

changein the original model, sinceit involvesthe removal
of somestructuralequations.)The argumentthat ML

` ��A
is alsoa causeof FB

� A
in
� � is similar. (Again, takingH�^� �

ML
` 	 FB

�
and H�G� �

ML� � works.)
This examplealso illustratesthe needfor the minimality

condition ��¨¦© . For example, if lighting a matchqualifies
asthecauseof fire thenlighting a matchandsneezingwould
alsopassthetestsof AC1andAC2,andawkwardlyqualify as
the causeof fire. Minimality serveshereto strip “sneezing”
andotherirrelevant,over-specificdetailsfrom thecause.

It might bearguedthatallowing disjunctive causeswould
be useful in this caseto distinguish

�W`
from

� � as far as
causalitygoes.A purelycounterfactualdefinition of causal-
ity would make ML

`O�ªA¬«
ML� �ªA

a causeof FB
�­A

in
�W`

(since,if ML
`��ªA¬«

ML� �ªA
werenot true, then

FB
��A

wouldnotbetrue),but wouldmakeneitherML
`¦�^A

nor ML� �VA
individually a cause(for example,if ML

` �®A
werenot truein

�W`
, FB

��A
wouldstill betrue).Clearly, our

definitiondoesnot enforcethis intuition. Purelycounterfac-
tualdefinitionsof causalityhaveotherwell-known problems.
We do not have a strongintuition asto the bestway to deal
with disjunctionin the context of causality, andbelieve that
disallowing it is reasonablyconsistentwith intuitions. Inter-
estingly, aswe shall seein Section3.2,our definitionof ex-
planationdoesdistinguish

� `
from

� � ; eachof ML
` � A

and ML� �iA
is an explanationof FB

�iA
in

�W`
under

our definition of explanation,but neither is an explanation
of FB

�¯A
in
� � . In

� � , the explanationof FB
��A

is
ML

`K�^A �
ML� ��A

: bothmatchesbeinglit arenecessaryto
explain theforestburningdown.

3.2 The BasicDefinition of Explanation

All that remainsto do beforegiving the definition of expla-
nationis to discusshow to capturetheagent’sepistemicstate
in our framework. For easeof exposition,we first consider
thecasewherethecausalmodelis known andthecontext is
uncertain.(Theminormodificationsrequiredto dealwith the
generalcasearedescribedin Section3.4.) In that case,one
way of describinganagent’sepistemicstateis by simply de-

scribingthesetof contextstheagentconsiderspossible.This
choice is very much in the spirit of the standard“possible
worlds” definitionsof knowledgeandbelief.

Definition 3.3: (Explanation)Given a structuralmodel
�

,H� � HP is an explanationof
l

relativeto a set ° of contexts
if thefollowing conditionshold:

EX1. � � 	�HI �yX �Ml
for eachcontext HI � ° . (That is,

l
must

hold in all contexts the agentconsiderspossible—the
agentconsiderswhat sheis trying to explain asan es-
tablishedfact)

EX2. H� � HP is a weakcauseof
l

in � � 	�HI � (that is, AC1
andAC2 hold,but not necessarilyAC3) for each HI � °
suchthat � � 	�HI �'X � H� � HP .

EX3. H� is minimal;no subsetof H� satisfiesEX2.

EX4. � � 	�HI �{X �±� � H� � HP � for some HI � ° and � � 	�HI � �yX �H� � HP for some HI�� � ° . (This just saysthat the
agentconsidersacontext possiblewheretheexplanation
is false,so the explanationis not known to start with,
andconsidersa context possiblewherethe explanation
is true,sothatit is not vacuous.)

Our requirementEX4 that the explanationis not known
mayseemincompatiblewith linguistic usage.Someonedis-
coverssomefact � andsays“Aha! Thatexplainswhy � hap-
pened.” Clearly, � is not anexplanationof why � happened
relative to the epistemicstateafter � hasbeendiscovered,
sinceat thatpoint � is known. However, � canlegitimately
be consideredan explanationof � relative to the epistemic
statebefore � wasdiscovered.

Considerthearsonistsin Example3.2. If thecausalmodel
hasonly arsonistsasthecauseof thefire, therearetwo pos-
sible explanationsin the disjunctive scenario:arsonist1 did
it or arsonist2 did it (assuming° consistsof threecontexts,
whereeither1, 2, or bothsetthefire). In theconjunctivesce-
nario,noexplanationis necessary, sincetheagentknowsthat
botharsonistsmusthavelit amatchif arsonis theonly possi-
ble causeof thefire (assumingthat theagentconsidersthese
to betheonly possiblearsonists).

Perhapsmoreinterestingis to consideracausalmodelwith
otherpossiblecauses,suchaslightningandunattendedcamp-
fires. Sincetheagentknows that therewasa fire, in eachof
the contexts in ° , at leastoneof the potentialcausesmust
have actuallyoccurred.If we assumethat thereis a context
whereonly arsonist1 lit the fire (and,say, therewas light-
ning) andanotherwhereonly arsonist2 lit the fire then, in
the conjunctive scenario,ML

`£�ZA �
ML� �RA

is an expla-
nationof FB

�²A
, but neitherML

`��²A
nor ML� �²A

by
itself is anexplanation(sinceneitherby itself is acausein all
contexts in ° that satisfy the formula). On the otherhand,
in thedisjunctive scenario,bothML

`?�¢A
andML� �¢A

are
explanations.

It is worth notingherethat theminimality clauseEX3 ap-
plies to all contexts. This meansthat our rough gloss ofH� � HP beinganexplanationof

l
relative to a set ° of con-

texts if H� � HP is a causeof
l

in eachcontext in ° whereH� � HP holds is not quite correct. For example,although
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ML
`K�^A �

ML� �^A
is anexplanationof fire in theconjunc-

tive scenario(if ° includescontexts wherethereare other
possiblecausesof fire), it is acauseof fire in noneof thecon-
texts in which it holds.Theminimality conditionAC3would
saythateachof ML

`?�®A
andML� �¢A

is a cause,but their
conjunctionis not.

Notethat,asfor causes,wehavedisalloweddisjunctiveex-
planations.Herethemotivationis lessclearcut. It doesmake
perfectsenseto saythat thereasonthat

l
happenedis either� or � (but I don’t know which). Thereare sometechni-

cal difficulties with disjunctive explanations,which suggest
philosophicalproblems.For example,considertheconjunc-
tive scenarioof thearsonistexampleagain.Supposethat the
structuralmodelis suchthattheonly causesof fire arethear-
sonists,lightning, andunattendedcampfiresandthat ° con-
sistsof contextswhereeachof thesepossibilitiesis theactual
causeof the fire. Oncewe allow disjunctive explanations,
whatis theexplanationof fire?Onecandidateis “either there
weretwo arsonistsor therewaslightningor therewasanunat-
tendedcampfire(which got out of hand)”. But this doesnot
satisfyEX4, sincethe disjunctionis true in every context in° . On the otherhand,if we do not allow the disjunctionof
all possiblecauses,which disjunctionshouldbe allowed as
an explanation?As a technicalmatter, how shouldthe min-
imality conditionEX3 be rewritten? We could not seeany
reasonableway to allow somedisjunctionsin this casewith-
out allowing the disjunctionof all causes(which will not in
generalsatisfyEX4).

We believe that, in caseswheredisjunctive explanations
seemappropriate,it is best to capturethis directly in the
causalmodelby having avariablethatrepresentsthedisjunc-
tion. (Essentiallythesamepoint is madein [Chajewskaand
Halpern,1997].) For example,considerthe disjunctive sce-
narioof thearsonistexample,wherethereareotherpotential
causesof thefire. If wewantto allow “therewasanarsonist”
to beanexplanationwithoutspecificallymentioningwho the
arsonistis, thenit canbeeasilyaccomplishedby replacingthe
variablesML

`
andML� in themodelby avariableML which

is 1 if f at leastonearsonistdropsa match. ThenML
�ªA

becomesanexplanation,without requiringdisjunctiveexpla-
nations.

Why not just addML to the modelratherthanusingit to
replaceML

`
andML� ? We have implicitly assumedin our

framework that all possiblecombinationsof assignmentsto
the variablesare possible(i.e., thereis a structuralcontin-
gency for any settingof thevariables).If weaddML andview
it asbeinglogically equivalentto ML

`x«
ML� (thatis,ML

�^A
by definition if f at leastoneof ML

`
andML� is 1) then,for

example,it is logically impossiblefor thereto bea structural
contingency whereML

` �=B
, ML� �=B

, andML
�®A

. Thus,
in thepresenceof logicaldependences,it seemsthatweneed
to restrict the setof contingenciesthat canbe consideredto
thosethatrespectthedependencies.We have not yet consid-
eredtheimplicationsof sucha changefor our framework, so
we donot pursuethematterhere.

3.3 Partial Explanationsand Explanatory Power
Not all explanationsareconsideredequallygood. Someex-
planationsaremore likely thanothers. An obvious way to

definethe“goodness”of anexplanationis by bringingprob-
ability into the picture. Supposethat the agenthasa prob-
ability on the set ° of possiblecontexts. In this case,we
canconsidertheprobability of the setof contexts wherethe
explanation H� � HP is true. For example,if the agenthas
reasonto believe that the first arsonistis extremelyunlikely
to have causedthe fire (perhapshe haddefective matches),
then the setof contexts whereML� �ªA

holdswould have
higherprobability thanthosewhereML

`³� A
holds. Thus,

ML� �^A
wouldbeconsidereda betterexplanationof thefire

in thedisjunctivemodelthanML
` ��A

.
But the probability of an explanationis only part of the

story;theotherpartconcernsthedegreeto whichanexplana-
tion fulfills its role (relativeto

l
) in thevariouscontextscon-

sidered.This becomesclearerwhenwe considerpartial ex-
planations.Thefollowing example,takenfrom [Gärdenfors,
1988], is onewherepartialexplanationsplaya role.

Example3.4: SupposeI seethatVictoria is tannedandI seek
anexplanation.Supposethat thecausalmodelincludesvari-
ablesfor “Victoria took a vacationin the CanaryIslands”,
“sunny in theCanaryIslands”,and“went to a tanningsalon”.
Theset ° includescontexts for all settingsof thesevariables
compatiblewith Victoria beingtanned.Note that, in partic-
ular, thereis a context whereVictoria both went to the Ca-
naries(anddidn’t gettannedthere,sinceit wasn’t sunny) and
to a tanningsalon. Gärdenforspointsout that we normally
accept“Victoria took a vacationin the CanaryIslands”asa
satisfactoryexplanationof Victoriabeingtannedand,indeed,
accordingto his definition,it is anexplanation.Victoria tak-
ing a vacationis not an explanation(relative to the context° ) in our framework, sincethereis a context HI �¬� ° where
Victoria wentto theCanaryIslandsbut it wasnot sunny, and
in HI � theactualcauseof her tan is thetanningsalon,not the
vacation.

For us,theexplanationwould have to be“Victoria wentto
theCanaryIslandsandit wassunny.” In thiscasewecanview
“Victoriawentto theCanaryIslands”asapartialexplanation
(in a formal senseto bedefinedbelow).

In Example3.4 thepartialexplanationcanbeextendedto
a full explanationby addinga conjunct.But not everypartial
explanationcanbe extendedto a full explanation. Roughly
speaking,the full explanationmay involve exogenousfac-
tors, which arenot permittedin explanations. Assume,for
example, that going to a tanningsalonwas not considered
an endogenousvariablein our modelbut, rather, the model
simply hadanexogenousvariable ,'´ thatcouldmake Victo-
ria suntannedeven in the absenceof sun in Canaryislands.
Likewise,assumethat theweatherin Canaryislandwasalso
part of the backgroundcontext. In this case,we would still
considerVictoria’s vacationto provide a partial explanation
of her suntan, sincethe context whereit fails to be a cause
(no sunin the Canaryisland) is fairly unlikely, but we can-
not addconjunctsto this eventto totally excludethatcontext
from theagent’s realmof possibilities.

The situationactually is quite common,as the following
exampleshows.

Example3.5: Supposethat the soundon a television works
but thereis no picture. Furthermore,theonly causeof there
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beingno picturethat theagentis awareof is thepicturetube
beingµ faulty. However, theagentis alsoawarethat thereare
timeswhenthereis no pictureeven thoughthe picturetube
worksperfectlywell—intuitively, “for inexplicablereasons”.
This is capturedby thecausalnetwork describedin Figure2,
where¶ describeswhetheror not thepicturetubeis working
(1 if it is and0 if it is not) and · describeswhetheror not
thereis a picture(1 if thereis and0 if thereis not). Theex-

U0

1U

P

T

Figure2: Thetelevisionwith no picture.

ogenousvariable, � determinesthestatusof thepicturetube:¶ � , � . Theexogenousvariable, ` is meantto representthe
mysterious“other possiblecauses”.If , ` �=B

, thenwhether
or not thereis a picturedependssolely on the statusof the
picturetube—thatis, · � ¶ . On theotherhand,if , `¬�®A

,
thenthereis no picture( · �>B

) no matterwhat thestatusof
thepicturetube. Thus,in contexts where , ` �¸A

, ¶ �^B
is

not acauseof · �CB
. Now supposethat ° includesacontextHI ��� where, � � , `¦�¥B

. Thenit is easyto seethatthereis no
explanationof · �VB

. The only plausibleexplanation,that
thepicturetubeis notworking, is notacauseof · �CB

in the
context HI���� . On theotherhand,¶ ��B

is a causeof · �^B
in all othercontexts in ° satisfying¶ �WB

. If theprobability
of HI ��� is small (capturingthe intuition that it is unlikely that
more thanonething goeswrong with a television at once),
thenwe areentitled to view ¶ �RB

asa quite goodpartial
explanationof · �§B

.

Theseexamplesmotivatethefollowing definition.

Definition 3.6: Let ° Q�\¹ QTnº » be the largestsubset° � of °
suchthat H� � HP is anexplanationof

l
relative to ° Q�\¹ QTnº » .

(It is easyto seethatthereis a largestsuchset.)Then H� � HP
is apartial explanationof

l
with goodness¼[½k�N° Q�y¹ QTxº » X H� �

HP � . Thus,thegoodnessof a partialexplanationmeasuresthe
extentto which it providesanexplanationof

l
.1

In Example3.4, if the agentbelieves that it is sunny in
theCanaryIslandswith probability.9 (thatis, theprobability
thatit wassunny giventhatVictoria is suntannedandthatshe
wentto theCanariesis .9), thenVictoriagoingto theCanaries
is a partial explanationof her being tannedwith goodness
.9. The relevantset ° � consistsof thosecontexts whereit is
sunny in theCanaries.Similarly, in Example3.5,if theagent

1Hereandelsewhere,a formulasuchas ¾¿ÁÀ ¾Â is beingidenti-
fied with thesetof contexts wherethe formula is true. Recallthat,
sinceall contexts in Ã arepresumedto satisfyÄ , thereis noneedto
conditionon Ä ; this probability is alreadyupdatedwith thetruth of
theexplanandumÄ . Finally, notethatour usageof partialexplana-
tion is relatedto, but differentfrom, thatin [ChajewskaandHalpern,
1997].

believes that the probability of both the picture tube being
faulty andthe othermysteriouscausesbeingoperative is .1,
then ¶ �^B

is a partialexplanationof · ��B
with goodness

.9 (with ° � consistingof all thecontextswhere , ` ��A
).

A full explanation is clearly a partial explanationwith
goodness1, but we areoften satisfiedwith partial explana-
tions H� � HP thatarenotasgood,especiallyif they havehigh
probability (i.e., if ¼[½k� H� � HP � is high). In general,there
is a tensionbetweenthe goodnessof an explanationandits
probability.

Theseideasalsoleadto a definitionof explanatorypower.
ConsiderExample3.2 yet again,and supposethat thereis
anendogenousrandomvariableÅ correspondingto thepres-
enceof oxygen.Now if Å �¡A

holdsin all thecontexts that
the agentconsiderspossible,then Å � A

is excludedasan
explanationby EX4. But supposethat Å �¡B

holdsin one
context that theagentconsiderspossible(for example,there
maybeanothercombustiblegas),albeita very unlikely one.
In thatcase,Å �±A

becomesa very goodpartialexplanation
of thefire. Nevertheless,it is anexplanationwith, intuitively,
very little explanatorypower. How canwemakethisprecise?

Supposethat thereis a probability distribution ¼\½ 2 on a
set ° 2 of contexts larger than ° that intuitively represents
the agent’s prior probability before the explanandum

l
is

discovered. That is, ¼[½ is the result of conditioning ¼[½ 2
on

l
and ° consistsof the subsetof ° 2 that satisfies

l
.

Gärdenforsidentifiesthe explanatorypower of the (partial)
explanation H� � HP of

l
with ¼[½ 2 � l X H� � HP � (see[Cha-

jewskaandHalpern,1997;Gärdenfors,1988]). If this prob-
ability is higherthan ¼\½ 2 � l � , thentheexplanationmakes

l
morelikely. While this explanatorypower, we would argue
thata bettermeasureof the explanatorypower of H� � HP is
¼[½ 2 �N° Q� ¹ QTnº » X H� � HP � . Accordingto eitherdefinition,under

reasonableassumptionsabout ¼[½ 2 , Å �ÆA
hasmuchlower

explanatorypower than, say ML
�¯A

. Moreover, the two
definitionsagreein thecasethat H� � HP is a full explanation
(sincethen° Q�\¹ QTnº » is just ° , thesetof contextsin ° 2 wherel

is true). Thedifferencebetweenthe two definitionsarises
if therearecontexts where

l
and H� � HP bothhappento be

true,but H� � HP is not a causeof
l

. Suchspuriouscorrela-
tions areexculdedby our suggesteddefinition. (See[Pearl,
2000] for someexamplesshowing thatconsideringspurious
correlationsleadsto badoutcomes.)

Again, (partial) explanations with higher explanatory
power typically aremorerefinedand,hence,lesslikely. than
explanationswith lessexplanatorypower. Thereis no ob-
vious way to resolve this tension. (See [Chajewska and
Halpern,1997] for morediscussionof this issue.)

As thisdiscussionsuggests,ourdefinitionsharessomefea-
tureswith that of Gärdenfors’1988. Like him, we consider
explanationrelative to anagent’sepistemicstate.Gärdenfors
alsoconsidersa“contracted”epistemicstatecharacterizedby
the distribution ¼\½ 2 . Intuitively, ¼\½ 2 describesthe agent’s
beliefsbeforediscovering

l
. (More accurately, it describes

anepistemicstateascloseaspossibleto ¼\½ wheretheagent
doesnotascribeprobability1 to

l
.) If theagent’scurrentbe-

lief in
l

cameaboutasthe resultof an observation � , then
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we can take ¼[½ to be the result of conditioning ¼[½ 2 on � ,
as weÇ have doneabove. However, Gärdenforsdoesneces-
sarily assumesucha connectionbetween¼[½ and ¼[½ 2 . In
any case,for Gärdenfors, H� � HP is anexplanationof

l
rel-

ative to ¼[½ if (1) ¼[½k� l � ��A
, (2)

BMÈ ¼[½%� H� � HP � È"A
,

and(3) ¼[½ 2 � l X H� � HP �
É¡¼\½ 2 � l � . (1) is the probabilistic
analogueof EX1. Clearly, (2) is the probabilisticanalogue
of EX4. Finally, (3) saysthat learningthe explanationin-
creasesthe likelihoodof

l
. Gärdenforsfocuseson the ex-

planatorypowerof anexplanation,but doesnot take into ac-
countits prior probability. As pointedout in [Chajewskaand
Halpern,1997], Gärdenfors’definition suffers from another
defect:Sincethereis no minimality requirementlike EX3, ifH� � HP is anexplanationof

l
, sotoo is H� � HP � H�V� Hb .

In contrastto Gärdenfors’ definition, the dominant ap-
proachto explanationin the AI literature, the maximuma
posteriori (MAP) approach(see,for example,[Henrionand
Druzdzel,1990; Pearl,1988; Shimony, 1991]), focuseson
theprobababilityof theexplanation,giventheexplanandum
(i.e, ¼\½ 2 � H� � HP X l � � ¼[½k� H� � HP � ), but doesnot take ex-
planatorypower into account. The MAP approachis based
on theintuition thatthebestexplanationfor anobservationis
thestateof theworld (in oursetting,thecontext) thatis most
probablegiventheevidence.Themostprobableexplanation
for

l
is thenthecontext HI � suchthat ¼\½%�LHI � � �§Ê£ËÍÌ5QÎ ¼[½%�eHI � .

Thus,anexplanationis a(complete)context. Thismeansthat
partof theexplanationwill includetotally irrelevantfacts(the
agentsneezed).Moreover, it is quitesensitive to thedescrip-
tion of the context (see[ChajewskaandHalpern,1997] for
details)anddoesnot directly takecausalityinto account.

To someextent, theseproblemscanbedealtwith by lim-
iting the set of candidateexplanationsto ancestors(of the
explanandum)in the causalnetwork; this alsoavoids many
of the problemsassociatedwith non-causalapproaches(al-
thoughit requiresthereto be a causalnetwork in the back-
ground). However, the MAP approachdoes not go far
enough. One problem is that propositionswith extremely
high prior probabilities(e.g., that oxygen is presentin the
room) will also receive high posteriorprobabilities,regard-
lessof how relevantthey areto theeventsexplained.To rem-
edy this problem,moreintricatecombinationsof thequanti-
ties ¼[½%� H� � HP � , ¼[½ 2 � l X H� � HP � , and¼[½ 2 � l � havebeensug-
gestedto quantifythecausalrelevanceof H� � HP on

l
but, as

arguedin [Pearl,2000,p. 221], without takingcausalityinto
account,nosuchcombinationof parameterscanwork.

3.4 The GeneralDefinition
In general,anagentmaybeuncertainaboutthecausalmodel,
so an explanationwill have to include informationaboutit.
(Gärdenfors1988 andHempel1965 make similar observa-
tions). It is relatively straightforwardto extendour definition
of explanationto accommodatethis. Now anepistemicstate° consistsnotonly of contexts,but of pairs � � 	�HI � consisting
of a causalmodel

�
anda context HI . Call sucha pair a situ-

ation. Intuitively, now anexplanationshouldconsistof some
causalinformation(suchas“prayersdo not causefires”) and
the factsthataretrue. Thus,a (general) explanationhasthe
form �<�8	 H� � HP � , where � is an arbitrary formula in our

causallanguageand,asbefore, H� � HP is a conjunctionof
primitive events.We think of the � componentasconsisting
of somecausalinformation (suchas “prayersdo not cause
fires”, which correspondsto a conjunctionof statementsof
the form � � w?ÏG_Ð· a P j �o� � w/� , where · is a random
variabledescribingwhetheror not prayertakesplace). The
first componentin ageneralexplanationis viewedasrestrict-
ing the setof causalmodels. To make this precise,given a
causalmodel

�
, we say� is valid in

�
, andwrite

� X � � ,
if � � 	�HI �'X � � for all contexts HI consistentwith

�
. With this

background,it is easyto statethegeneraldefinition.

Definition 3.7: �N�8	 H� � HP � is an explanationof
l

relativeto
a set° of situationsif thefollowing conditionshold:

EX1. � � 	�HI �'X ��l
for eachsituation � � 	�HI � � ° .

EX2. For all � � 	xHI � � ° suchthat � � 	xHI �?X � H� � HP and� X � � , H� � HP is a weakcauseof
l

in � � 	�HI � .
EX3. �<�
	 H� � HP � is minimal; thereis no pair �<� � 	 H� � �

HP�� �§Ñ� �<�8	 H� � HP � satisfyingEX2 suchthat
� � � � �� ��°���! � � � X � � � ��Ò � � � � �z� �N°Ó��! � � � X � � � ,

whereÔ��N°Ó� � � � !5� � 	�HI � � ° for some HI � , H� � �H� , and HP�� is the restrictionof HP to the variablesin H� � .
Roughlyspeaking,thissaysthatnosubsetof � provides
a weakcauseof

l
in morecontexts thanthosewhere�

is valid.

EX4. � � 	�HI �WX �;� � H� � HP � for some � � 	�HI � � ° and
� � � 	�HI � �'X � H� � HP for some� � � 	�HI � � � ° .

Note that, in EX2, we now restrictto situations� � 	�HI � � °
thatsatisfybothpartsof theexplanation�<�8	 H� � HP � , in that� X � � and � � 	�HI ��X � H� � HP . Furthermore,although
bothcomponentsof anexplanationareformulasin ourcausal
language,they play very differentroles.Thefirst component
servesto restrictthesetof causalmodelsconsidered(to those
with theappropriatestructure);theseconddescribesa cause
of
l

in theresultingsetof situations.
ClearlyDefinition 3.3 is thespecialcaseof Definition 3.7

wherethereis no uncertaintyaboutthecausalstructure(i.e.,
thereis some

�
suchthat if � � � 	�HI � � ° , then

�Õ�¢� � ).
In this case,it is clearthatwe cantake � in the explanation
to betrue.

Definition 3.7 canalsobe extendedto dealnaturallywith
statisticalinformationof the kind consideredby Gärdenfors
and Hempel. Let a probabilistic causal model be a tuple��Ö+×¬� �N��	.�³	�¼[½Ø� , where

��� �N��	.�O� is acausalmodeland¼[½ is a probabilitymeasureon thecontextsdefinedby signa-
ture � of

�
. Informationlike “with probability .9, � � © ”

is a restrictionon probabilisticmodels,andthuscanbecap-
turedusinga formulain anappropriateextensionof our lan-
guagethatallows suchprobabilisticreasoning.With this ex-
tendedlanguage,the definition of explanationusingproba-
bilistic causalmodelsremainsunchanged.

As anorthogonalissue,thereis alsonodifficulty consider-
ing aprobabilityontheset° of situationsanddefiningpartial
explanationjust asbefore.
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Example3.8: Using this generaldefinition of explanation,
considerScriven’s1959famousparesisexample.Paresisde-
velopsonly in patientswho have beensyphilitic for a long
time, but only a small numberof patientswho aresyphilitic
in fact develop paresis.Furthermore,accordingto Scriven,
no other factor is known to be relevant in the development
of paresis.2 This descriptionis capturedby a simplecausal
model

� Ö
. There are two endogenousvariables, Ù (for

syphilis) and · (for paresis),and two exogenousvariables,, ` , thebackgroundfactorsthatdetermineÙ , and , � , which
intuitively represents“dispositionto paresis”,i.e., thefactors
that determine,in conjunctionwith syphilis, whetheror not
paresisactuallydevelops. An agentwho knows this causal
modelandthata patienthasparesisdoesnot needanexpla-
nationof why: the agentknows without being told that the
patientmust have syphilis and that , � �ÚA

. On the other
hand,for anagentwho doesnot know thecausalmodel(i.e.,
considersa numberof causalmodelsof paresispossible),� � � Ö � 	/Ù �^A � is anexplanationof paresis.

4 Discussion
We have givena formal definitionof explanationin termsof
causality. As we mentionedearlier, therearenot too many
formal definitionsof explanationin termsof causalityin the
literature. One of the few exceptionsis Lewis 1986a,who
defendsthethesisthat“to explainaneventis to providesome
informationaboutits causalhistory”. While thisview is com-
patiblewith ourdefinition,thereis no formaldefinitiongiven
to allow for acarefulcomparisonbetweentheapproaches.In
any case,if wereto definecausalhistory in termsof Lewis’s
1986bdefinition of causality, we would inherit all the prob-
lems of that definition. As we said earlier, our definition
avoidstheseproblems.

So what are the problemswith our definition? For one
thing, it inheritswhatever problemsour definitionof causal-
ity has.As observedin [HalpernandPearl,2001], ourdefini-
tion at timesdeclarescertaineventsto becauses(andhence
candidateexplanations)that,intuitively, shouldnotbecauses
becausethey shouldfail AC2(a). The only reasonthat they
donot fail AC2(a)is becauseof extremelyunlikely structural
contingencies.To someextent,we canavoid this problemby
simply ignoring structuralcontingenciesthat are extremely
unlikely (this is essentiallythesolutionsuggestedin [Halpern
andPearl,2001] in the context of causality).Of course,we
cando this in thecontext of explanationtoo. Anotherpossi-
bility is to take the probability of the structuralcontingency
into accountmoredirectlywhencomputingtheprobabilityof
theexplanation.We arecurrentlyexploring this option.

We have mentionedthe other significantproblemof the
definition already: dealing with disjunctive explanations.
Disjunctionscauseproblemsin the definition of causality,
which is why we do not dealwith themin thecontext of ex-
planation. As we pointedout earlier, it may be possibleto
modify thedefinitionof causalitysoasto beableto dealwith
conjunctionswithout changingthestructureof our definition
of explanation.We arecurrentlyexploring this.

2Apparentlytherearenow otherknown factors,but thisdoesnot
changetheimport of theexample.

Finally, ourdefinitiongivesnotoolsfor dealingwith thein-
herenttensionbetweenexplanatorypower, goodnessof par-
tial beliefs, and the probability of the explanation. Clearly
this is anareathatrequiresfurtherwork.
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