In Challenges to Decision Support in a Changing World, Papers from the 2005 AAAI Spring Symposium,
Marek J. Druzdzel and Tze-Yun Leong (eds.), Technical Report SS-05-02,
pages 73-79, Menlo Park, CA: AAAI Press, 2005

Mechanism-based Causal Models for Adaptive Decision Support

Tsai-Ching Lu Marek J. Druzdzel
HRL Laboratories, LLC Decision Systems Laboratory
Malibu, CA 90265 School of Information Sciences and
tlu@rl.com Intelligent Systems Program
University of Pittsburgh

Pittsburgh, PA 15260
marek@i s. pitt. edu

Abstract therefore, predict effects of actions executed by othentsge
o ] or find the most effective sequence of actions to perform in
We propose a framework for decision support in a order to reach a given objective.

changing world that rests on mechanism-based causal
models. A causal model is a self-contained set of si-

multaneous structural equations representing a decision Causal Models

problem. In our framework, a causal model is instanti- A causal model is a set of self-contained structural equa-
ated from a mechanism knowledge base, where domain tions, each of which represents a distinct mechanism active
knowledge is stored as mechanisms along with generic in a systent. More formally, we denote the set of variables

non-intervening and intervening actions. A change in

the world is modeled as applying an action on the causal appearing in an equatianasVars(e), and in a set of equa-

model. The framework supports reasoning about the ef- tions E as Vars(E) = U.cgVars(c). A causal model
fect of actions to deduce the causal model representing M = (X,E) consists of a set of self-contained structural

the world brought about by the actions. equationsE over a set of variableX = Vars(E). Each

structural equatiom € E is generally written in its implicit

] form e(X1, Xs,...,X,) = 0 whereX; € Vars(e). We

Introduction say that a variablé(; € X is exogenouso M if its value is

Probabilistic graphical models such as Bayesian networks détermined by factors outside the system, i.e., if therstgxi
and influence diagrams have been successfully applied in & Structural equation € E, e(X;) = 0, andendogenous
decision support systems where reasoning about uncertaint Otherwise. In other words, the set of variablsconsists
is essential. There also exist learning algorithms thablena  Of two disjoint sets: exogenous variab®sand endogenous
such systems to update the model structure and its parame-variablesV. Therefore, a causal model is sometimes de-
ters to integrate the data observed in the field. However, to hoted asM = (U, V. E). Let D(X;) be the domain of a
the best of our knowledge, there has been no work on how Variable X;, andD(X) = D(X;) x ... x D(X,) be the
often a model should be updated and what events should domain of the set of variableX = {X;,..., X, }. Given
trigger such updates. Furthermore, modifying a model to re- @ € D(U), the solutions for endogenous variab¥sc 'V,
flect changes resulting from intervening actions has natbee deénoted as'y/(u) or Y (u), in a causal model/ can al-
studied either, as plain probabilistic graphical modelsdo ~ Ways be determined uniquely. The pdi/, u) is called
encode information required for predicting the effectsefi & causal world or simply world. Given a probability dis-
tervening actions. tribution Pr(u) defined oveD(U), the pair(M, Pr(u)) is
In this paper, we propose a framework based on causal called aprobabilistic causal model where for eadh € V,

mechanisms, for reasoning about changes resulting from in- Pr(Y = y) £ 3=y (u)=y} Pr(W).

tervening and non-intervening actions. A model based on  Simon (1953) developed an algorithm that explicates
causal mechanisms is a set of self-contained structuralequ the asymmetries among variables in a causal mddel
tions, each of which represents a causal mechanism activeand represents them ascausal graphG(M). A causal

in a modeled system. A causal model is constructed by in- model M is recursiveif the associated7(M) is a di-
stantiating mechanisms from mechanism knowledge bases, rected acyclic graph, where each node corresponds to a
where mechanisms are represented as structural equationsariable, and each family (a node with its parents in
and actions are represented as local modifications on causalG(M)) a structural equation (Druzdzel & Simon 1993).
models. We model changes to a system under study by ac- In other words, each structural equatiefX, ..., X,) =
tions applied to the corresponding causal model. Thisframe 0 is expressed in its explicit functional fornk; =
work provides support for reasoning about what a system fx,(Xi,...,X;—1,Xi41,...,X,) and is depicted graphi-
will be if an action is applied to it. Decision makers can, cally as a family with arcs from nodes representing argu-

Copyright © 2005, American Association for Artificial Intelli- !Please see Pearl (2000) or Spirtes et al. (2000) for general in-
gence (www.aaai.org). All rights reserved. troductions to causal models.



set of effect variables of a mechanism with a-priori assump-

ments O'I:fX7 (i.e., Xl, ce 7Xi_1,Xi+1, e ,Xn) to X;. A
tions. In addition, reversibility is defined as the property

causal modelM is non-recursiveif there exists strongly-
coupled components in a causal gragh\/) generated by a mechanism, but not as a derived property of a mechanism
the causal ordering algorithm. This indicates that vagabl  when it is embedded in a system. In other words, the set of
in a strongly-coupled components need to be solved simul- effect variables of a mechanism is assumed a-priori before
taneously. Simon’s causal ordering algorithm is in the wors we decide which system the mechanism will be embedded.
case exponential time algorithm. Lu (2003) developed the Which effect variable isactivewill be determined as soon as
worst case polynomial time algorith@OA g, based on we know which system the mechanism has been embedded.
bipartite graph matching, to generate causal graphs for sel

contained and under-constrained sets of structural exnsati The Framework

T Given a causal model which represents the system of a deci-
Reversibility . :

_ o o _ sion problem, we aim to develop a framework that can per-
A Reversible mechanisisia mechanism in which causal re-  form the following reasoning: (1) given future events on the
lations among variables may be reversed when it is embed- modeled system, the framework can automatically revise the
ded in different systems. Traditionally, reversible mecha causal model to reflect the changes such that queries on the
nisms are discussed mainly in deterministic mechanical and projected system can be answered, (2) given decision objec-
physical relations (Wold & Jureen 1953, pp. 325), since the tives for the modeled system, the framework can automati-

invertibility of a function is a necessary condition for tiee
versibility. A functional relation may be reversible fanc-
tional sense, but may not be reversiblecausalsense. For
example, ideal gas law and Ohm'’s law are given in (Wold &

cally recommend a sequence of actions such that the system
is likely to yield desired outcomes, and (3) given a history
of events happened to the modeled system, the framework
can automatically recover likely causal models such that th

Jureen 1953, pp. 40) and (Nayak 1994, pp. 10) respectively origin of the system can be examined.

as examples of only partially reversible mechanisms, even
though their functional relations are invertible. Druzdze

We conceive changes to a system as applying interven-
ing or non-intervening actions on the corresponding causal

and van Leijen (2001) demonstrated that under some spe- model. We first define an action operator that can reason

cial conditions probability distribution tables in a calusa
Bayesian network can be reversed in both functional and
causal senses.

We explicitly represent the reversibility of a mechanism
to assist predictions of the effect of actions. We define the
reversibility of a mechanism semantically on the set of pos-
sible effect variables of a mechanism. Assuming that the
number of variables in a mechanism is finite, the number
of possible effect variables for a mechanism is also finite.
We can classify mechanisms into four categories according
to theirreversibility. (1) completely reversibléCR): every
variable in the mechanism can be an effect variablepé?)
tially reversible(PR): some of the variables in the mecha-
nism can be effect variables, (B)eversible (IR): exactly

one of the variables in the mechanism can be an effect vari-

able, and (4unknown(UN): the reversibility of the mech-
anism is unspecified, i.e., the modeler only asserts that var

ables in a mechanism are relevant, but has not yet resolved

how they relate to each other causally.

Definition 1 (reversibility)

Let Vars(e) be the set of variables in a structural equation
e. Let EfVars(e) C Vars(e) be the set of all possible
effect variables in a structural equatian The reversibility
of a mechanism represented bis

1.

completely reversiblégf EfVars(e) Vars(e) and

|EfVars(e)| > 1,

partially reversibléf 1 < |EfVars(e)| < [Vars(e)
irreversibleif |[EfVars(e)| = 1, and

unknownif [EfVars(e)| = 0.

We emphasize that the notion of reversibility of a mecha-

2.
3.
4.

about the effect of actions on a causal model. Second, we
discern the difference among local effects, persistende an
response brought about by an action. Third, we introduce
the generic action, by which users can specify local effects
of an action at domain level, and an algorithm that can infer
persistence and response to instantiate a generic actian fo
particular causal model.

Action Operator

In the recent literature, Pearl (2000, pp. 225) suggested to
use the notationlo(q), wheregq is a proposition, to denote

an action, since people use phrases such as “reduce tax”
in daily language to express actions. More precisely, an
atomic action denoted aslo(V = v) in Pearl (2000) and
manipulate(v) in Spirtes et al. (2000), is invoked by an ex-
ternal force that manipulates on a variableby imposing

a probability distribution or holding it at a constant value
v, and replacing the causal mechanisin,= f(PA(V)),
which directly governs/ in a causal model. The corre-
sponding change in the causal graph is depicted as the arc-
cutting operation by which all incoming arcs to the manipu-
lated variabld/ are removed (Spirtes, Glymour, & Scheines
2000; Pearl 2000). Notice that the implicit assumption be-
hind the arc-cutting operation is that the manipulated-vari
able is governed by ainreversiblemechanism, i.e., only’

can be an effect variable in mechanisV, PA(V)) = 0.

In order to ensure that the manipulated causal model is self-
contained, the irreversible mechanism, which governs the
manipulated variable in the model before manipulation, has
to be replaced. However, when the manipulated variable is
governed by aeversiblemechanism, the manipulated model
derived from the arc-cutting operation may not be consisten

nism is a semantic one since it is defined with respect to the with our conception of the manipulated system. We argue



that an action in causal modeling should be defined at the
level of mechanisms, not at the level of propositions.
In econometric literature (Simon 1953; Strotz & Wold

1960), a system is represented as a SEM, a set of struc-

tural equations, and actions are modeled as “scraping in-
valid equations” and “replacing them by new ones.” In
STRIPS language (Fikes & Nilsson 1971), a situation is rep-
resented by a state, conjunctions of function-free groitnd |
erals (propositions), and actions are representef/ag,
ADD, and DEL lists which are conjunctions of literals.
There is a clear analogy between these two modeling for-
malisms, where the effects of actions are modeled explicitl
as adding or deleting fundamental building blocks, which
are structural equations in SEM and propositions in STRIPS.
We propose to explicitly translate the operations of “serap
ing invalid equations” as specifying equationsHge, list

and “replacing them by new ones” as specifying equations
in E,qq and define an action operator as follows.

Definition 2 (action operator)

An action operatorAct(E, Epre, Eadd; Edel) represents
an action on a system represented by a SEMvhereE ;o
is the precondition of the action, aftl,qq andEge) are the
changes brought about by the action Bn

1. E,e: a set of conditions that must be true before the
action can be applied t&.

E.qq: a set of structural equations addedk

Ege1: a set of structural equations removed frdin

Given an actionA = Act(E,Epre, Eadd; Edel) On @
SEME, the modified modeE 4 is a set of structural equa-
tionsE4 = EUE,q4\Eq4e1. We will see in the later sections
how this definition of action operator allows us to reason
about the effect of actions with reversible mechanisms.

Actions in general will bring new mechanisms into a
system; however, non-intervening actions will not remove
any mechanisms from a system. In other words, a non-
intervening actiotAct(E, Epre, Eadd, Ede1) by definition
will have Eqeq = 0.

Since an actionAct(E, Epye, Eaqd, Eqe1) Can be ap-
plied to a SEME as long as the preconditidiy,. is satis-
fied, the modified mod€dt 4 is not necessary self-contained
after the manipulation even thoudhis self-containedE 4
could be under-constrained or over-constrained, depgndin
on the structural equations specifiedigqq andEge;. To
support the action deliberation in the following sections,
say an actiord = Act(E,Epre, Eadad; Eqel) On a sys-
tem represented by a SEH is self-containedf the ma-
nipulated modeE 4 is self-contained and indeed represents
the manipulated system. In other words, applying a self-
contained action on a self-contained model will result in a
self-contained manipulated model. For example, an atomic
action defined in (Spirtes, Glymour, & Scheines 2000;
Pearl 2000) is one of self-contained actions in our definitio

2.
3.

Persistence and Response

Given the action operator defined in Definition 2, one may
immediately raise the question about how to specify an ac-
tion that is not subject to a specific model. We will derive
such specification by the following example.

Consider a causal model that describes the rela-
tions among heart diseasdiD), blood pressure BP),
and headache HA) as mechanismsfyp (HD) 0,
fep(HD,BP) = 0, and fya(BP, HA) = 0. Assume
that a patient’s utility (/tility) directly depends on headache
(HA). The causal graph for this example is depicted in Fig-
ure 1(a) and the corresponding set of structural equat®ns i
listed as follows:

fup(HD) =0
fep(BP,HD) =0
fHA(HA,BP) =0
fUtility( Utility, HA) = O

An example of a non-intervening action would be measur-
ing blood pressureM/BP), which brings the variable blood
pressure readingdPR) and the mechanism describing how
the blood pressure is measurg¢@pr(BP, BPR, MBP) =
0, into the model. We represent the cost of measur-
ing blood pressureGO(MBP)) as a value function of
MBP,U(MBP). The non-intervening action is represented
as AMBP ACt(E7 Eprea Eadda Edel) where Epre =
{BP € Vars(E)}, Eaaa = {/Brr,fcompp) ) aNd

Ege1r = 0. The modified modeE 4 , ., is shown as follows.

fap(HD) =0

fBP(BP, HD) =0

fra(HA, BP) =0

Jutiity (Utility, HA) = 0
fepr(BPR, MBP, BP) =0
fusp(MBP) =0
fCO(MBP)(CO(]V[BP)a MBP) =0

We see thatl y,zp broughtfzpr andfCO(MBP) into the
model but did not intervene into any of the existing mecha-
nisms: fup, fep, fra, andfutiug, . FurthermoreAypp is
applicable only when the variable is about to be observed is
in the model, i.e.Epre = {BP € Vars(E)}.

After examining the reading of a patient’s blood pressure,
a doctor may prescribe a medicine to control the blood pres-
sure such that the symptom of headache can be eased. Con-
sequently, we need to augment the model to represent the
persistencyf heart disease, which has not been treated, and
the responseof blood pressure and headache relative to the
prescribed blood pressure control medicine. It is common
sense that the previous reading of blood pressure becomes
invalid after taking the blood pressure control medicine.
However, the reading of blood pressure before taking the
medicine should affect our belief of the severity of the hear
disease and its persistence.

To model the intervening action of taking a blood pressure
control medicine D,) conditioned on the non-intervening
action (MBP) and its reading BPR), we apply the in-
tervening actiondp,, £ Act(Ea,,,; Epre; Eadd; Edel)
whereEy,e = {MBP € Vars(E)AMBP = true, BPR €
Vars(E) A BPR = high, BP € Vars(E)}, Eaqa =
{fps,s fup, foPrs frars fusii s foip, )} @nd Bdel =
{fra, futiity }- The modified model is shown as follows.
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Figure 1: (a) depicts relations among heart dised8e)( blood pressureKP), and headached4); (b) depicts the augmented
model for the non-intervening action — measuring bloodqres(/BR), its reading BPR) and cost CO(M BR)); (c) depicts
the augmented model for considering taking the blood pressentrol medicine;,) and its costCl(Dy,)), after measuring

the blood pressure

fup(HD) =0

fep(BP,HD) =0

fepr(BPR = high, MBP = true, BP) = 0
fup(MBP) =0
fcowmpp)(COMBP), MBP) =0

/Dy, (Dbp, BPR = high, MBP = true) = 0
fup/(HD', HD) =0

fBp/(BP',HD', Dy,) =0
fra(HA', BP') =0

futiity (Utility’, HA") = 0
fC|(DbP)(CI(DbP)a Dy,y) =0

without intervening on the rest. On the other hand, we can
see thatdp,, is not directly applicable to all models in the
domain, since we have represented pleesistenceand re-
sponsénto Eaqgqa andEge of Ap, . In order to make the
intervening actiondp,, model independent, we shall spec-
ify the relations that are locally relevant tbp, ,, namely
Ipy,s fBP andfc|(Dbp) in Eaqq. The relation represent-
ing persistencefyp: in Eaqq, should be inferred from
Ea,,»- Similarly, the relations representing responges-
and fuitity In Eaga and theEge of Ap, , should be in-
ferred fromE,4,,,,. .

Generic Action

As we can see, the persistency of heart disease between

time slice is modeled by the structural equatity,.. The
previous reading of blood pressurBIfR = high) updates
our belief of the severity of heart disease in the next time
slice (HD') through the path of persistencE) — HD’).
The decision of taking blood pressure control medicine
(Dvp) depends on the decision of measuring the blood
pressure Y/BP = true) and the reading of blood pressure
(BPR = high). The blood pressure after the intervention is
governed by the structural equatigpp:. The headache at
the next time slice FA’) is governed by the structural equa-
tion fga.. The causal graph for the manipulate system is
shown in Figure 1(c).

If we examine the actiond y;5p andAp, , we shall find
the difference in their applicabilities. The non-interiren
action A, pp is applicable to all models in the same domain
as long as the preconditidf,re = {BP € Vars(E)} is
held, since it simply brings in new mechanisms into a model

To represent actions that are applicable in the same domain
for different models, we introduce the representationsof p
sistence relations and generic actions into our mechanism
knowledge bases. persistence relatiois represented by a
structural equation in the form efy, (X!, Xpre) = 0 Where
Xpre iS @ set of exogenous variables alig € Xpre. The
persistence relation describes how a subset of variables in
the current time sliceX .., affects the variableX] at the
next time slice. We represegeneric actiondn a knowl-
edge base akx, = Act(E, Epre, Eadd, Edel) WhereAx,

will be instantiated intod y, = Act(E, Epre, Eadd; Edel)
whenAy, is about to be applied on a mod8| E,,. is the
precondition that can invoké x,; E,qq consists of local
mechanisms that will be brought about by the actiog,

and will be augmented int&€,qq4 When the actiom x, is
instantiated on a specific mod8| similarly Eqe is initially

an empty set and will be instantiated irfig.; when the ac-



tion Ay, is instantiated. Please note th¥f € Vars(E) Procedure InstantiateActionRev(E, K, Ax,)

should be_ iEpre as default, since the action will be applied Input: A reversible systemE, a mechanism know

to the variableX;. . . A
, . _ _ _ edge baseX, and a generic actionAy, =

Given the d_eflnltlons of persistence relatlo_ns and_ generic Act(E,Epre; Eadd; Edel) in K.

actions, we introduce the procedure for instantiating a o . o N

generic action. We first explain the use of time slice in our |Output: true: Ay, is instantiated action intolyx, =

modeling. The concept of time slice in our models is de- Act(E, Epre; Eadd; Eqdel); Orf al se.

e from the necessiy offeasoning about e fects o | 1.5 = BBy = By Baaa = Bt =0

interveni ions. i ure Vi . . ) ) .

BP and BP’ in Figure 1. Both variables refer to the blood 2. if (Epre is nott r ue in E) return f al se; end if

pressures of a patient; however, they refer to the blood pres | 3- APPly COApay on E and generate the corre-

sures of a patient before and after taking the blood pressure sponding grapltz(E) = (N, A);

control medicine Dj,). Such distinguishment allows us to 4. LetO C N be the set of all observed variables in
correctly specify the intervening actiaby, which is indi- Vars(E),

rectly conditioned by theBP, and directly influences the 5. P :={;

“same” variableBP’. In other words, when we apply an 6. for each N; € N whereN, # X; andN, ¢ O
intervening action on a direct or an indirect cause of an ob- 7. if (N, € ExVars(E) and3ey. in K)

served variable, by which the intervening action is condi- ' J Nj

tioned, we trigger the procedure to model the system into | 8- Eadd := Eadga Uen:; P := P UNy;

two consequent times slices. How to model the systeminto | 9. glse if(N; = Vars(Eaqq))

two consequent time slices is accomplished by the following | 1
inferred modeling of persistence and response.

After deciding on modeling a system into two consequent ‘
time slices, the procedure needs to infer on which vari- | 12. elseif(N; # N; whereey, € Eqgel)
ables the modeling of persistence relations should be ap-| 13. Copyey, into en whereey; in (en; n,);
plied. Since all endogenous variables are determinedmvithi | 14
the model, the procedure only applies persistence rektion )
for exogenous variables at the next time slice, except the 15. endif
case that an exogenous variable is the manipulated variable | 16. end for each
We emphasize that persistence relations should be specified 17. for each (IV; € O)
purely by theirevolutional influencesvith respect to their 18. if (N, ¢ DES(X;)) and
domain. Please also note that the persistence relatioves ser _ , _
as the path way for carrying the information observed from 19. no@P; € ANS(N;) andF; € P)
the current time slice to the next time slice.

The procedure also needs to infer the responses brought| 21 Eada := Eqaa U en:; end if
about by a generic action. Modeling a system into two | 22. end for each
consequent time slices is one of the responses, for which| 23 Find D ¢ N whereD ¢ ANS(X;) and
the procedure will first copy the existing mechanisms in Independent(D, O|X;);
the current time slice into the next time slice and link two 24. foreach D, € D
time slices by persistence relations, i.e., adding allghes ' J
newly created mechanisms inELqq. When copying ex- 25.  Eqe := Ega Uep,; whereep, € E and
isting mechanisms into the next time slice, the procedure | 26. ep;, is the mapping oD; in (ep,, D;).
will leave out (1) mechanisms of invalid observations at the | 27. end for each
current time slice, which are mechanisms associated with | 28. return true with Ax,
descendants of the manipulated variable (¢.grr, fvpep, Act(E,Epre, Eaad; Edel)
andfCO(MBP) in Figure 1(b)), and (2) mechanisms for ex-

ogenous variables which have newly created persistence re-Figure 2: Procedure for instantiating a generic intervgnin
lations (e.g.fup in Figure 1(b)). Finally,the procedure will  actionAx, on a system containing reversible mechanisms
also remove those mechanisms that are not needed for deci-E using knowledge ik
sions at the next time slice from the model in the current time
slice. Such mechanisms are those govern the nodes which
are not ancestors of the evidences and are d-separated fronbase X, and a generic intervening actior x, =
the evidences given the manipulated variable (¢.g4, and Act(E,Epre, Eadqa, Eder) in K as inputs and outputs an in-
futinity In Figure 1(b)). stantiated actioMy, 2 Act(E, Epre; Eadd; Edel) When

We outline the procedure for instantiating generic in- the precondition oA x, is satisfied. In Lines 6-16, mecha-
tervening actions on systems containing reversible mecha- nisms for the next time slice are added iftgaq. In Line 8,
nisms in Figure 2. The procedut@stantiateActionRev mechanisms for persistence relations are addedHitg; .
takes a reversible systell, a mechanism knowledge In Lines 17-22, valid observations are created into the sys-

Copyey, into en whereey; € Eaqq;
11. Eqaa := Eqga Uen;

Eqdd := Bqda U en;

20. Copyey; into en whereey; in (en; n,);

(1>




Figure 3: (a) depicts relations among variables3, C, D, E, F, M, N and non-intervening action3o,,, Do,, Do, and their

corresponding observations,, O4, O.. (b) depicts the augmented model for considering the ieteing action which manip-
ulates on¥ and releases the mechanism goverrihgrhe system in (a) is augmented into the next time slice inThgre is a
persistence relation fot defined in knowledge base, but no persistence relatiodfoir he valid observatio®,, is therefore

kept in the next time slice

tem in the next time slice. In Lines 24-27, mechanisms that reason about the effect of actions. In other words, if one can
are independent to the decision at the next time slice are encodes foreseeable changes into generic actions, one has a
added intoEq4.. The procedure is worst-case polynomial framework that can revise the model to reflect the changes
time due to Line 3. and to answer queries based on the revised model.

Figure 3(a) shows an example of instantiating a generic  However, as in any model-based reasoning, elicitation and
action on a reversible system. The model describes re- encoding of domain knowledge such as changes into their
lations among variabled, B,C, D, E, F, M, N with non- proper representations remain the most difficult tasks. In
intervening actionsDo,, , Do, Do, and their correspond-  the future, we plan to extend our framework to perform
ing observations0,,, Oq4,0.. For the sake of presenta- mechanism-based learning so that changes can be automati-
tion, we do not include mechanisms describing utility func- cally detected and extracted from data.

tions in the system. Consider the generic intervening actio In this paper, we have not demonstrated how the frame-
Arp £ Act(E,Epre, Eadd; Edel) WhereEp,e = {0, € work can support planning and explanation. Given decision
Vars(E) A Do, =true}, Eaaa = {fe}, Eda = {fc}. objectives for a modeled system, the framework is capa-
When we instantiate this generic action on the madBel ble of automatically planning a sequence of actions that is
depicted in Figure 3(a), we adfly: into E,qq by persis- most likely to yield desired outcomes. In (Lu & Druzdzel

tence relations irC. With respect to the response, we add 2002), we framed the problem as search for opportunities
fars e 05 fors fres for, fpr,  Into Eaqa by copying and showed a myopic search algorithm for finding the best
them directly from their corresﬁonding mechanisms in pre- next action to perform based on the value of intervention.
vious time slice. We copyy into E,qq as fcr and do not We plan to extend this work to some practical domains. With
copy fc into Eaqa. And g specified inE,qq is instantiated regards to supporting explanation, we believe that thedram

into fx which is added int@&,qq together withfp, . work can be further extended to automatically recoveryikel

causal models for a given history of events.

Discussion
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