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Abstract: We present the theory of anticipatory networks teteralizes an earlier
model of consequence anticiﬁation in multicritevgatimization problem solvin?. We
assume that the decision-maker takes into accdenamticipated outcomes of future
decision problem linked by the causal relationshwite present one. So arises a
multigraph of decision problems linked causally amgl one or more anticipation
relations termed here the anticipatory network.nfkae will introduce the notion of
superanticipatory systems, which are anticipatgsgesns that contain a future model of
at least one more anticipatory system. Finally,wilé present an application of antici-
patory networks to filter the set of scenarios forasight project.
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1.Introduction

This paper presents an introduction to the thedryamticipatory networks that
generalizes the ideas related to anticipatory nsodélconsequences in multicriteria
optimization problems presented in [8] and [13]. \W&sume that when making a
multicriteria decision, the decision-maker takds iaccount the anticipated outcomes of
each future decision problem linked by the causkdtions with the present one. In a
network of linked decision problems the causaltiets are defined between the time-
ordered nodes. The future scenarios of the causaegjuences of each decision are
modelled by multiple edges starting from an appstpr node. The network is
supplemented by one or more relations of anticjpator anticipatory feedback, that
describes a situation where decision-makers takeaiocount the anticipated results of
some future optimization problems while making thakioice. Then they use the causal
dependences of future constraints and preferentélseochoice just made to influence
future outcomes in such a way that they fulfill dt@nditions contained in the definition
of the anticipatory feedback relations.

Both types of relations as well as forecasts amhatos regarding the future model
parameters form an information model, called hkesanticipatory networkin Secs. 2
and 3 we will prove the basic properties of antatgpy networks and propose the



method of their reduction, transformations and cotimg. We will also show that
anticipatory networks with loops correspond to #sti®ng anticipatory systems in the
sense of Dubois [2], while the acyclic networksrespond to the weak ones.

In Sec. 3 we will present an application of antitqyy networks to select compromise
solutions to multicriteria planning problems applyi scenarios of anticipated
consequences provided by an IT foresight projeetc. 3 in we will analyze the
anticipatory trees and general networks. Then, vatad by the properties of the
anticipatory networks, we will introduce the notioh superanticipatory systems. By
definition, asuperanticipatory systens a system that is anticipatory in the sense of
Rosen [7] or Dubois [2] (weak or strong) and camdaa future model of at least one
other anticipatory system which outcomes may imfageits current decisions by an
anticipatory feedback relation. This notion is igestent, i.e. the inclusion of other
superanticipatory systems into the model of thartutdoes not yield an extended class
of systems. We will observe that most anticipatogtworks can be regarded as
superanticipatory systems because future decis@ame based on similar anticipatory
principles as the current one.

The motivation for the above outlined theory corftem a need to create an alternative
approach to selecting a solution to multicriterigimization problems that takes into
account direct multi-stage models of the future semuences of the decision made
which was presented in [8]. The anticipatory bebawf decision-makers correspond to
the definition of anticipatory system proposed lysén [7] and developed further in a
series of publications by Dubois and other reseasc[2,1]. A bibliographic survey of
these ideas can be found in [5]. An ability of ¢iregaa model of the future of the outer
environment and of itself that characterizes arcigattory system is also a prerequisite
for an anticipatory network, where each node modalsanticipatory system and they
are able to influence each other according to thesa order. In this paper we restrict
the anticipatory networks to model decisions madeetworked optimization problems.
Thus each decision node models an optimizationl@nolborming thus a network of op-
timizers [13] — a new class of information procagsisystems introduced in [11].
Nevertheless, similarly to the anticipatory netwoidd optimizers, one can construct
networks with nodes modeling Nash equilibria, deiice problems, random or irratio-
nal decision-makers, or hybrid networks contaimoges of all types. Some extensions
of the theory of anticipatory networks are discdssethe final Sec. 5 of this paper.

2.Basic ideas of anticipatory networks

The original motivation idea behind introducing ieipatory networks as models of
consequences was formulated in [8,11,13] as foll6We use anticipated future
consequences of a solution selected in a multr@itgecision problems as a source of
additional preference informatién The exploration of anticipatory feedback in
multicriteria decision making is possible owinghe following two assumptions:
e The decision maker responsible for solving an opttion problem included in
the network knows how the parameters of futuresie@ciproblems, with respect



to this particular problem, are influenced by tbkigons to preceding problems.
This allows us to model the consequences of aidedis be made for any
problem in the network.

* There exist estimates (forecasts or foresight saes)aof future decision problem
formulations, their solution rules, and the relaidinding their anticipated
outcomes with the current problem.

The anticipatory model of consequences present¢8l] inas been extended in [11,13]
to the theory of new networks, callemptimizers, which model the optimization

problems and their environment. According to ahgligmore general definition given

in [13], anoptimizerO acts on a set of feasible decisiddsand on the preference
structureP and selects a subsefJ according tdP and to the fixed set of optimization
criteriaF that are characteristic for this optimizer. Wel\wgsume that the optimization
problems solved by the optimizers have the form

(F:U—E)—min(P), (1)

whereP is a general preference structure in the sen¥@ aind Leitmann [15] defined
asP:={x(u) UJ: u U} and such that W//z(u) andw/7/z(v) thenw//z(u). UsuallyE is
a vector space with a partial order introduced bgravex cond, and

(u):= 7(u,0={v [J: F(v)<y F(u)}.

A free optimizelO may select any solutiamfrom U that is nondominated with respect
toPandFin (1), i.e. if

uJ7I(U,F,P):={u/J: [ LN : F(V) <y F(u)= v=u]}.

O is then uniquely characterized by, F, and P and may be denoted as a 3-tuple
O:=(U,F,P). If the admissible solution set in an optimiZérmay be different from
I1(U,F,P) and equal toX// I1(U,F,P), we will denote it asO:=(U,F,P,X). Xwill be
interpreted as the set of actually selected salstto the optimization problem (1).

Besides of its optimizing capabilities, the optierg may influence other optimizers,
forming thus networks with some new properties careg to the theory of linked

multicriteria problems. In particular, in feed-faawd networks of optimizers constraints
and preference structures in some optimizers argadlg linked to the results of solving
other problems and may depend on their preferemmaetgres. Thus, in a network of
optimizers the parameters of the actual instantegptimization problems to be solved
vary as results of solving other problems in thievoek.

An influence relationm represented by the network of optimizers may bmee as
O1:=(U1,F1,PL) 1 O2:=(U,Fo,Po) = [:X1 —272 Xo= p(Xa).

Influence relations linking preference structureaynibe defined analogously. ifis
acyclic it will be termed &ausal relation From this point on the tercausal network
will refer to the graph of a causal relation. Incausal network of optimizers the
functionsg influence the constraints @; by outputs from the problems preced®g



In [13] the anticipatory information feedback irusal networks of optimizers has been
applied to selecting a solution to the optimizatigmoblem modeled by the starting
element in the anticipatory optimizer network. Speally, while making the decision,
the decision maker takes into account the foreaastserning the parameters of future
decision problems, the anticipation concerninglt®leaviour of future decision makers,
the forecasted causal dependence relations lirtkiegparameters of optimizers in the
network and the anticipatory relations pointing aelevant future outcomes to
particular decisions to be made at nodes precddamg in the causal order.

Here, we will focus our attention on the problenfinfling feasible foresight scenarios
based on the identification of future decision-magkprocesses and on anticipating their
outcomes. Scenarios, such as those defined andrusa@sight and strategic planning
[3], can depend on the choice of a decision in ohehe networked optimization
problems as well as be external-event driven. Wheluded in a causal network of
optimizers, the anticipation of future decisiongl alternative external events would
allow us to generate alternative structures ofrojzérs in the network. Assuming that
at each optimizer in the causal network the decisimakers strive to select their
decisions in a rational way, and applying multeni& optimization methods to find all
potential variants of anticipated future problemtcomes, one can find the set of
potential elementary scenarios [12] of future tsermhd events modelled by the
network. Considering additionally the anticipatdgedbacks in the network that are
defined below, it makes possible a filtering ofyddle outcomes from each problem,
and the reduction of the set of plausible elemgngaenarios. This application can be
very assistive when building foresight scenario€lgtering elementary scenarios.

To complete the definition of anticipatory netwqrkse need first to define the
anticipatory feedback relation.

Definition 1. Suppose tha® is a causal network consisting of optimizers amat ain
optimizerQ; in G precedes another on®,, in the causal ordet Then the anticipatory
feedback betwee®; andO; in G is information flow concerning the anticipated muwit
from G; to be regarded as an input to the optim@2er [ ]

By the above definition, the existence of an infation feedback between the
optimizers O, and Oy, means that the decision makerGy is able to anticipate the
decisions to be made &, and that the results of this anticipation are eéatdken into
account when selecting the decisiorOgt This relation does not need to be transitive.
As in the case of causal relations, there may aigst multiple types of anticipatory
information feedback in a network, each one relatetthe different way the anticipated
future optimization results are considered at ast@t nodeOy, This information is
then used to specify the selection rule of thenoger O; so that the results of the
constrained optimization &); were optimal in the sense of optimization with abfe
constraints [9]. Both relations, the causal infleeescribed by the netwo@ and the
anticipatory feedback, when considered jointly axgressed in a diagram, form an
anticipatory network of optimizers:



Definition 2. Ananticipatory network (of optimizers) is a causal network of optimizers
with at least one additional anticipatory feedbaelation. [

Now we will present a few key definitions referring the anticipatory networks of
optimizers.

Definition 3. Any two optimizers &X1(U,F,P) and Q=X»(W,G,R) are in the causal
influence relation if there exist two different puts from @, x,%/X;, such that either
the choice in Qis restricted to two different subsets of W theggehd on choice of xr
X2 In Oy, or if the solution selection rule R or the critar G are modified in different
manner depending on the choice pbkx..

An example of an optimizer network with informatifeedback is given in Fig.1.

0¢=(U,Fo,Po)
A Jm\

0,=(Uy,F1,P4) / 0,=(U3,F2,P)
9(3) %
05=(U3,F;P3) (5)
*(6) o(7)
0,=(Us,F4Pa) 05=(Us,F5 Ps)

Fig.1. An example of a network of optimizers: solid rates denote causal relations and
temporal order; narrower blue lines denote anttoigainformation feedback.

In the network diagram presented above, the sdail Imes denotalirect causal
influences When studying the relations between the optimoraproblems that model
future consequences of a decision made it is caoemerio consider the weak (or
potential) causal dependence relation, which is dbeplement of the relationG;
cannot be influenced by, Observe that an optimiz€y, is potentially influenced by
Oy if in the influence network they are connectedabgath of direct causal influences
leading fromO, to O, called here aausal pathlt is easy to see that the existence of a
causal path betweed, and O, does not guarantee that the Def. 4 is fulfillechef
building an anticipatory network it is conveniemt assume that theveak causal



influence relationso defined is transitive taking into consideratitre transitive
extension of the union of actually observed parttausal influences and the
complement of influence exclusions. On the othardhdahe causal influence relation
(cf. Def.4) may be defined in such a manner ainfluencesO,, and Oy, influences
O, but the choice of solutions & has no influence on the outputs fr@n

Let us observe that the causal component of amggar network can be represented as
the Hasse diagram of a weak causal influence oela@s shown in Fig.3. Since in a real
life situation the nature of future causal influesgs uncertain, it is at the same time the
Hasse diagram of an unknown causal influence cgldtif. Def.3) that need not be tran-
sitive, contains no more elements than the weakataelation, but at least as much as
its transitive reduction. Specifically, if two optizersOp, andO, are connected by a ca-
usal path, it means that there potentially existsaasal influence, consequently, the
information feedback between them makes senseh®ndntrary, a lack of such path
means that seeking an information feedback betgemdO,, will fail. In general, for
given optimizer)y, O, andO, there may exist different ways of influenci@g, by O,
both direct and indirect, the latter being supeitposs of direct relations. Therefore, in
general case, a causal diagram of an anticipatxyark could be a multigraph.

When analyzing networks of optimizers with anti¢cgy information feedback
relations it is sufficient to take into account peksential information feedbacks (EIF),
by definitionO, andO,are linked by an EIF relation iff there exist baih information
feedback betwee®@, andO,, and a weak causal influence betwé&gandO,. Indeed, if
there is no possibility that a decision mad®aican influence the decision choiceCGat
then any forecast of the future decision maker’sab®r atO, is useless. This is
discussed further in the next sections, where wik aso solve the anticipatory
networks, according to the following definition.

Definition 4. An anticipatory network (of optimizers) is said to be solvable if the
process of considering all anticipatory informatifeedbacks results in selecting a non-
empty solution set at the starting problem ]

To analyse networked optimizers, we will admit sal’assumptions:

(1) The solution to an optimization probledy may directly influence a finite number
m, of subsequent problems;

(2) An optimization problen®©, may be directly influenced by a finite numgrof
preceding problems;

(3) The aggregation rules for different influencingttas are defined for each
optimizer influenced by more than one predecessgr &s intersection of the sets
of feasible alternatives, each one imposed byfaréifit preceding optimizer);

(4) An optimization problen®, may be linked by a finite numbgrof information
feedbacks with anticipated solutions of influenéettire problems.

The general underlying idea behind the procedureggsed in this paper is to analyze
chains of optimizers linked by a causal influenekation, then to identify in a network

of optimizers elementary cycles consisting of caugtuence along chains and future
information feedback relations, i.e. cycles, whilchnot contain other cycles. For chains



of optimizers we proposed a numerical solution pdoce (Algs. 1 and 2 in [13]) based
on an analysis of above-defined elementary cysesting from those most distant in
time, and on replacing a solved elementary cycla lsynthetic optimizer and updated
links to the remaining elements of the network, thiger as the links of the outer
elements of the elementary cycle just solved. Tioegss is repeated iteratively until all
cycles are solved. A general network can be decsathinto chains, which makes it
possible to apply aggregated chain rules iteratj\ggladually eliminating solved chains.

3. Chains of optimizers

We will study anticipatory networks of optimizerstivthe causal influence relation
defined by linking multifunctions

YiFia(Ui1) —» - Ui, 0(1):=Y °Fia (2)

imposing additional constraints in séfis where the notationa:!A - —B”is used for
a:A-2%. The dependence of preference relatiéhson the outcomes of previous
problems is defined by the functions

¢ X(Uia,Fii1,Pa) LF - P

A simple causal graph of optimizers that can be exidbd in a straight line will be
called achain of optimizers. The Fig.2 contains an example ahain of optimizers,

where a decision maker at the future optimi@er(U,,F1,P1) will make the decision

taking into account the anticipated outcome®aandO,, while the decision maker at
the initial problemO, makes the decision based on the modé&fwhich is itself an

anticipatory system, and on the outcomes of othgmizers.

P~ N

Y1 Y: Y
UoﬁU1ﬁUzﬁU3éU4

Fig. 2. An example of the symbolic representation of arcbéoptimizers with anticipatory
feedback consisting of five eleme@s=(U;,F;,P), i=0,1,...4 with F;:=id y;, thereforep(i) =Y;,

U; ordered byP,, causal relations defined by multifunctiotisand four anticipatory feedback
relations (blue arrows). The temporal order is aeiteed by causal relations (solid red arrows).

Chains of optimizers are the simplest, yet impdrtalass of optimizer networks, since
a large class of such networks can be reducedtibsequent analysis of all chains in a
network. It can be observed that the evolutionarhpromise selection mechanisngs

in a chain of optimizers can be modelled in a @amivay as the influence on constraints



and included in the same model as an additiona tfwausal relations.

An theoretical base for solving the initial proble®y:=(Uo,Fo,Po) in a chain of
optimizersQ; i=0,1,...,N with discrete setd;, is given below. Causal relations between
optimizers are given in the form of restrictionstire scope of admissible decisions
defined as multifunctiong(i) that depend on solutions of previous problems nhedlie
by O.1, for i=1,...,N. Future information feedback is defined as infdrora about
anticipated fulfilment (or not) of certain condni® by the values of criteria in future
optimization problems. The following definitionsliAbe helpful to describe the solution
procedure in a more rigid manner.

Definition 5. Let Q i=0,1,...,N, be a chain of optimizers. For each i=QN-1 let
J()£i+1,...,N} be the set of future problems — possiatypty — of which anticipated
outcomes are considered when making a decisioheai-th stage; equivalently, there
exist information feedbacks between the i-th ngaka m-th nodes, when/(i). The
sets J(i) will be calledleedback indices for the i-th optimizer. ]

Remark: The theory remains valid if we allow self-feedbaetps, i.e. ifJ(i)/Ai,...,N}
that describe interactive decision-making at themesaoptimizer. However, for the
brevity of presentation, we will not consider sychblems in this paper.

Definition 6. Let Q i=0,1,...,N, be a chain of optimizers with causdatiens given by

the restrictions in the scope of admissible deossiin U.; such that if pis an
admissible decision for the optimizer tBen ., is an admissible decision in;.kJ iff

U1 Z7@(1)(u;), wherep(i):=Y; ° Fi.1 is a multifunction describing the restrictions time
admissible choice of solutions in optimization peos subsequent tg./Moreover, let

us assume that all elements of &re admissible. Then any sequence of admissible
solutions (4 mo) Ur,m(y---,» ,mev) Will be called aradmissible chain. ]

The set of admissible chains will be denotedAbyf all setsUy,...,Uy are finite therA
can be constructively generated by listing subsettyighe elements dfly, then, in the
next step, replicating each row of the list cormegping toug; cii-times wherec;; is the
cardinality of ¢(1)(uwi) and adding to each row of the extended list the valoks
#(1)(wi),. Then one can proceed recursively, replicating atitth step each row
corresponding to thpth element olJ; cj-times wherec; is the cardinality ofg(i)(u;-
1), until the elements obly are added to the list. An example of the digraimt
corresponds to the above procedure is shown id Fig.

By virtue of the following Lemma the enumerationtbé setA can be accomplished
without listing all admissible chains.

Lemma 1. Let us denote by M the number of all admissibleinshan a chain of
optimizersOy,...,Qu with finite :={uo 1,...,Wke}---,Un:={UN1, ..., Wk} @nd by ¢ the

number of partial admissible chains starting af &hd ending at iy U; for i=1,...,N;

j=1,....k(i). Then

dj= 21.5psij Gi1,p,



where lj is the cardinality of the set fu,/ UJi.1: uj L@(i)(Ui-1,p)}:= ¢(i)'1(ui,-).
Consequently, MZ; gy Onp.

Proof: Let us observe that finding all admissible chaingsA by definition of A,
equivalent to finding all paths in a stratified dagph G(A), where nodes correspond to
the elements of §)..,Uy and the edges can link the elements of &hd U only, for
i=1,...,N. By definition, an edge i{y,up) LG(A) iff up,Jp(i)(ui-1j). Observe, moreover,
that for each g/ U, dip=b1,. Then by induction and from the construction ocA3fe
conclude thatdj=219s; di1p. Summing up the cardinalities of the sets of allhp
ending at different elements of; Mields the latter formula. [

The value oM in Lemma 1 is an estimate of the maximum numbexadiis that would
have to be surveyed when analyzing a chain of optire. From the above Lemma it

follows immediately that in the worst case when theltifunctions #(i) impose no
additional constraints on the decisionaf...,Qy, i.e. if @(i)(ui.1))=U; for i=1,...,N, u

1, i1, then the number of all admissible chaMsds equal tal /o<« k(i). However, in
such a situation there would be no causal depeedbatween decisions at different
optimizers and no essential information feedbaabsicc be defined. In the second
extreme case whe#(i)(ui.1j) always contains one element, i.e. if future deadsiare
functionally determinedyl is equal tdk(0).

The set of admissible chais will be filtered by imposing additional conditians
related to the anticipated future optimization ouates.

Definition 7. For a chain of optimizers k=0,1,...,N, let us define thenticipatory
feedback condition at @ 0<i<N, as the requirement that

L7143(i) for a given family of subsetsiyai u LVy LU, (3)

For all O; such that the sei(i) is non-empty, the feedback can be described in the
following way: the decision maker &% strives to select the solution which guarantees
that the anticipatory feedback condition (3) isisded for all j£3(i). The setsVj
represent the recommended or desired decisions todale at thgth optimizer from

the point of view of the decision maker that ispassible for the outcomes from the

th optimizer. Usually, it means that the critera&dues orvj;, F;(V;) are of special impor-
tance to the decision makers and can be definegf@®nce sets [10] but in the discrete
problems considered in this paper they may be ifiehtvith the elements ofj.

We will also assume that the sdtg and allV; are non-empty for at least oneand if
J()#2 thenVjx # U for at least on&/J(i). Otherwise the chain of optimizers would be
calledtrivial. If a causally final optimize®y (i.e. no optimizelOx depends oI®y) is a
starting node for an anticipatory feedback thendf&n will be callechon-redundant
otherwise it will be callededundant In the latter case, the causal relations beyast |
starting node for an anticipatory feedback haveeffect on calculating the chains
fulfilling anticipatory feedback condition (3) amadn be omitted.



In a non-trivial chain of optimizers the followingcision problem can be formulated:

Problem 1. Find the set of all admissible chains that addhtithy fulfil anticipatory
feedback condition (3).

However, when modelling real-life problems it maynt out that the inclusions
generated by the se¥g, are likely to be too restrictive, so that no feessolutions to
the Problem 1 can be found. Therefore we will rela condition (3) by allowing its
partial fulfilment, at someZd(i) only. The following Problem 2 is an example oflsuc
relaxation. Without a loss of generality we wilsame thad(0)=2.

Problem 2. Find the set of all admissible chaing,(u.,u) that minimize the following
function:

(W, -..,w):=2imen(u,q(0,i); (4)

and such that for all i such that J&p, 1<i<N, the truncated admissible chain;(u.,u)
minimizes the function

9(U, - W)= Zjaph(u,ad.i)wi, ()
where h is certain quantitative measure of satisbacof (3), e.g.
h(u,q(i.j)):=min{ || Fi(w)-y| : yLFi(Ui) and ysoi(i.j)} (6)

and w are positive coefficients corresponding to the valee of each anticipatory
feedback relation between the optimizerari@ Q.

The key notion in this paper can now be definetbbsws:

Definition 8. The solutions to either Problem 1 or 2, a sequentedecisions
Uo,m(0) ---»W,meny fUlfilling (3) or minimizing (4)-(5), will be céd anticipatory chains of
type 1 or 2, respectively. [

Based on the recursive definition of the solutitm$roblems 1 or 2, it is easy to see
that the following observation is true:

Proposition 1. Suppose that {tng-..,W,my IS an anticipatory chain for the optimizer
Ok in a non-redundant chain of optimizers. If J(n) n®n-empty for a certain
NLIk+1:N], then {Unmmy-..,Uumevg IS @n anticipatory chain for the optimizer,O

Proof: The above optimality principle follows from the sdsvation that if
(Uo,m(0y---,Uy,mn) IS @n anticipatory chain then from the constructiorthef anticipatory
network it follows that for each/[1:N] such thatl(n)z// the solutionu,/ U, has been
determined so that the chdum mey...,my IS anticipatory The chain of optimizers is
finite, therefore there existhelargest integeM such thatl(M) containsN, specifically
NZJ(M) because we assumed that the chain is non-redundéet uwmm) and
h(uw,mm,a(M,m(M)))are determined explicitly, the backward calculatwacess yields
an anticipatory chain by induction. |

The above Proposition 1 allows us to derive a cansve computational procedures
(cf. [13) based on the dynamic programming prirecipl find



a) the best anticipatory non-dominated solution (1) and the corresponding
anticipatory chain for the chain of optimizers wiithte setsU;
b) all anticipatory chains in an anticipatory netku

4. Anticipatory Treesand General Networks

In this section we will demonstrate that the solutapproach presented in Sec. 3 for
anticipatory chains can easily be generalized lier ¢ase where each optimizer can
influence multiple decisions to be made in the feitand that do not depend on each
other. If such a situation occurs, it can be repme=d as aausal treeof optimizers.
Then we will investigate a situation where eactufeitdecision may depend on the
outcomes of multiple mutually-independent decisioBseth cases combined can be
represented asausal networksvith anticipatory feedbacks.

Let us first formulate the following two definitisn

Definition 9. Let the optimizer Qinfluence causally the decisions in two mutually
causally-independent optimizersy @nd Q, and let Q be an optimizer with the
following properties:

(@) QG is causally dependent on,O

(b) O and Q, are both causally dependent op O

(c) If Gyis causally dependent onthen Q and Q, cannot both causally depend op.O
Then Qwill be called abifurcation optimizer for O;, O and Q.. [

Definition 10. An anticipatory tree is a finite network of optimizers that contains at
least one bifurcation optimizer, at least one aptory feedback, and such that no
optimizer in the network depends on two or moresaliyrindependent optimizersa

By anend nodeof an anticipatory tre& we will mean any optimizer i that does not
causally influence any other optimizer. Tl branchof T is defined as the chain that
starts from a bifurcation optimizer and does nontam any other bifurcation
optimizers.

In general, it can be observed that for given Ox and O, such as in Def.6, the
bifurcation optimizelO;, always exists, but needs not be unique. Howevem Def.7 it
follows that it is always unique in an anticipatdrge of optimizers. An example of a
bifurcation optimizer in a simple tree is givenfiy. 5.
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Fig. 3. An example of a simple tree of optimizers, wh@res the bifurcation optimizer fdDy,
O,. Oy, Oy andQ,,. Causal relations are defined by the multifunciofi):=Y; °F;. Anticipatory
feedback relations are not shown in this figure.

An example of an anticipatory network with two bdation optimizers fo3;, O and
Ok is shown in Fig.4.

O

(

)

20

O

o(t1

m

0. FD s
o(k2)
Ou

Fig.4. A network of optimizers, where bo@®, andO, are bifurcation optimizers fd,; andOy.,

The following property makes possible the reductodnthe analysis of anticipatory
trees to the subsequent analysis of anticipatoaynshin the tree.

Proposition 2. Assume that the optimizer; @hfluences two causally independent
optimizers Q and Q, in an anticipatory tree T and let;®e the (unique) bifurcation
optimizer for @,0c and Q.. Furthermore, let €and G, be the sets of admissible chains
starting at Q and ending at Qand Q,, respectively, and let Cand G, contain the
elements of Cand G, respectively, starting at Gand truncated at the bifurcation
optimizer Q. Then the set of all admissible chains with resgecboth Q and Q,
starting at @ can be generated as extensions of the elemenie drfitersection of £



and G,. More precisely, an extension of any such sequehdecisions starting at O
and ending at Qs to be concatenated with an arbitrary subsequestaeting at Q of
an admissible chain that was truncated at priothe intersection of Cand G,.

Proof: Without a loss of generality we can assume thétemanticipatory tre@ there is
only one elemen®, such thalO, does not dependn any other optimizer. Actually, if
there are two such elemen@; and O, then by Def.7, no element of the tréecan
depend on botld, andOy so that in such a case the tfleeould consist of two disjoint
partsT andT with Oy 2T andQ, T Observe now that the anticipatory tfEean be
represented in a unique way as a union of maximuticipatory chains, i.e. such that
each one starts @l and ends at final branch i.e. an optimizer that does not have any
causal successors. Such decomposition exists eesiassumed that the tiEés fini-

te (Def.7). Consequently, there is a finite numikefinal branches, and each one defi-
nes an anticipatory chain betwe®pand this final branch, which is unique because the
causal graphs contain no loops. Then the construgtiovided in Prop.2 follows direct-
ly from the definitions of the causal dependencd #re set of admissiblehainsA
(Def.3). [

Corollary. Let A and A be the sets of admissible chains in two chainsptimizers
{G,...,.Q,...,.Q} and {Q,...,Q,...,Qn, respectively, where Ois their bifurcation
optimizer. Only those elements of and A that overlap on the common branch
{G;,...,Q} of the anticipatory tree T:= {Q...,Q}/K0;,...,Qy} can be prolonged to
chains admissible with respect to causally indepehdonsequences represented by the
decisions made aty@and Q.. [

Observe that if there exist anticipatory feedbdwmttsveen causally independdnt and
Om, and their common causal predeces8pr then a similar construction to that
presented in Prop.2, based on the logical prodéicteedback conditions and the
resulting intersection of chains, will also apply the anticipatory chains. On the
contrary, anticipatory feedback between causaltependentOx and O, is always
irrelevant, i.e. by definition there is no actionGx that might influence the output of
Om. Therefore from Prop.2 and the above observatores can derive a constructive
computational procedure for solving anticipatoses [13].

In Fig. 5 we will show a more complicated tre¢éhat consists of ten optimizers in four
chains. This will serve as an example of the ojpamaif such a procedure.



Fig. 5. An example of a symbolic representation of a Treé optimizers with anticipatory
feedback consisting of ten eleme@s(U;,F;,P), i=0,1,...9 and four chains, with;:=id ;,
causal relations defined by multifunctioisand seven essential anticipatory feedback relatio
(solid arrows). The dotted arrow betwdénandUyg is a non-essential anticipatory feedback,
because there is no causal relation between thseizers. The temporal order within each
chain is determined by causal relations, there exigsmizers with no causal relationship.

First, all anticipatory feedback relations are deecwhether they link weakly causally
dependent optimizers in an appropriate order. Rstance, if the anticipatory feedback
links O; and Q;, this can be accomplished by an iterative seancthe list of causal
predecessors @ until eitherO; or Oq is reached. In the latter case the feedback is non
essential. In the example shown in Fig. 5 the faekllbetweerD; andOg is identified

as non-essential and eliminated from further carsaitbn. There are four end nodes in
the tree, namel®,, Os, Os, andOy. According to Def. 90, is the bifurcation optimizer
for the end node®, andOs andOy is the bifurcation optimizer fadDg andOg, so after
surveying all end nodeB={03,0;}. Pursuing the procedure, we remove the final
branches oflf which correspond to the bifurcation optimizersnigfeed so far, or —
equivalently - all optimizers causally dependentdherO; or O;. The only bifurcation
optimizer for the reduced tree @ which is now added tB. ThusB consists of three
bifurcation optimizersO;,andO; andOy.

Generally, in a network of optimizers there maysexnits that are influenced causally
by two or more predecessors (cf. Fig.1). Such okl may emerge in practice when,
for example, an input to a production function cemigom two independent
technological processes, which are both optimizall vespect to quality and price. In
order to deal with such a situation, observe tinst the causal dependences in form of
constraints on the set of admissible decisions sulasequent problel@y that comes
from two or more causally independent optimizés(U;,F;,P) and O=(U;,F;,P)) as
the multifunctionsy; andY; respectivelyyield, in fact, just an intersection of constraint
that can be represented as a new multifunctiatefined on the Cartesian product of



F(Ui) and FU)) in the following way
Y (Up, Ur):= Yi(Uip) 7 Yj(Uyr).

Based on this observation, in case of arbitraryvaeks, the calculations can again be
reduced to an analysis of chains, and elementapyslin the network, i.e. loops which
may consist of both, causal relations and antionpyateedbacks, and do not contain
other loops. Analogously to surveying the bifurcatioptimizers and ‘cutting the
branches’ of an anticipatory tree, one has to sualeoptimizers which are causally
influenced by two or more predecessors. If an efgarg loop is detected, it can be
replaced by a synthetic optimizer with a reducedo$edmissible chains and updated
links to the remaining elements of the network. phecess can be repeated iteratively
until the 0" optimizer has been reached. The procedure ofrfindnticipatory chains,
referring to Problem 1, can be regularised forseag@here no solution exists, by solving
the relaxed Problem 2 in the manner presentedadrB8Se

To conclude this section, let us observe that énahove presented approach to solving
anticipatory networks we have assumed that thecipation is a universal principle
governing the solution of optimization problems &t stages. In particular, future
decision makers modelled at the starting decismie®, can in the same way take into
account the network of their relative future optiers when making their decisions.
Thus, the model of the future of the decision-mad&e®, contains models of future
agents including their respective future modelds Ttas motivated us to introduce the
notion of superanticipatory systems, that are tigeneralizations of anticipatory
systems in the sense of Rosen [7] and Dubois [2]:

Definition 11. A superanticipatory system is an anticipatory eystthat contains at
least one model of another future anticipatory syst [

Since, by definition, every superanticipatory sgstis also anticipatory, the class of
superanticipatory systems remains closed when geig@tory system contains a model
of a superanticipatory one. However, one can inicedthe notion of a grade of super-
anticipatory system, namely a superanticipatoryesysis of grade n if it contains the
model of a superanticipatory system of graegeand defining anticipatory systems and
supeanticipatory of grade One can observe that an anticipatory networkaioimg a
chain on n optimizers, each one linked wWitfand with all its causal predecessors by an
anticipatory feedback is an example of a superpatiory system of grade

5. The computational aspects of anticipatory networks

To solve the problems presented in Secs. 3 andedrenuires information about the
future optimization problems and their mutual relas. If the time horizon of

anticipatory planning is large compared to the tatietted to modelling and computing
the decision, usually also the changes in the ntediednvironment proceed slowly
enough that allows an analyst to rely on the infatiom gathered prior to performing all
computations. This is the case of foresight appboa, where the time horizon is
usually between 10 and 20 years, the analytic plcasebe stretched over several



months and the resources available allow us tooegfhe future to a sufficient extent.
For this class of applications an implementationAdgs. 1 and 2 in an off-line
computational environment such as Matlab turned saiisfactory. A prototype
application in Matlab consists of the following cpoments:

1. A databas&Vthat contains all potential criteria, admissildteraatives for all
decision stageld;, i=1,..k, and the optimizers, pre-defined or constructechfr
basic elements (criteria, alternatives). The pesfee structures can be defined and
associated with optimizers as one of the managefueations of the database. It
allows a data interchange with spreadsheets, tefirof new optimizers and a
modification of those already stored in the databas

2. A graphical editor that makes possible an intevaationstruction of causal and
anticipatory feedback networks. It operates onmal®jic graphical representation
of optimizers that have been defined previouslghaasetwork is stored as a
“problem file” that can be further processed andlified.

3. A graphical module to define the multifunctioighat describe the causal relations
between a solution admitted and the scope of adrtessecisions in some future
problems. The same editor allows us to directlypout the elements of the sets
Vi; that define the anticipatory feedback relations.

4. An analytic interface makes it possible to defitiéhee graphs used in the problem
solution in the form of lists of successors/predsoes, define the reference values
qi for the optimization criterithat determine the sefg;;}in;w, the functions
h(u,q) and coefficientsvj that occur in Algorithm 1lt is also possible to assign
time intervals to optimizers, which can be usefbbw analyzing problems arising
in a foresight context.

5. An analytic machine that implements Algorithms d @given in the Appendix),
calculates the anticipatory chains, compromisetswis and their consequences in
multicriteria anticipatory problems, and visualizks results.

The application makes it possible to manage diffepgoblems analyzed previously or
simultaneously. The results obtained for the samitel optimizer but using different
causal and future information structures can bepawed with each other. We conclude
that a similar solution scheme to that presentefign 1 and 2 can be used as a base to
implement a multicriteria problem solution envirommh for general anticipatory
networks. that — as estimated from computationadesce - allow us to efficiently
manage problems with up &0® alternatives in up td0” optimizers. The analysis of
larger or more specialized problems will requirdotad decision support systems
capable of using anticipatory information.

6. Final remarks

This paper presented the basic ideas concerningutheipatory networks, the basic
methods to solve them, and their extension, terrsageranticipatory systems.
Anticipatory networks may be applied to model antyes a broad range of problems,



both real-life and theoretical. Apart from the abawuentioned inspirations coming from
potential uses in foresight, roadmapping, finaraoed environmental modelling, there
are further potential fields of application, sush a

* Anticipatory analysis of queuing networks;

e Policy planning: an opportunity to apply the queative results of foresight,
scenarios, and impact analysis in a uniform model;

» Extending the theory of multi-step Stackelberg gamédevel programming;

* Financial and real investment support systemsuydict multi-step project portfolio
management

» Adaptive robot control systems with feedback.

They can also contribute to model foresight proeg$s a clear, formal way.

Anticipatory networks can be regarded as a newsctdsworld models where the
present and future decisions are described as d@helts of solving optimization
problems and are mutually linked by causal relatiorhe importance of using world
models to elicit and assess the consequences afechiocausal decision making has
been acknowledged by some authors (cf. e.g. [4)6,blit these have been still
described as expected utilities. In this paper axelemphasized that the consequences
of a decision made should be considered in a complevironment that needs
heterogeneous modeling techniques. Anticipatioredbas the knowledge of decision-
making principles to be applied at future probldgogether with forecasts and scenarios
concerning the parameters of future processes sltbe decision-maker to choose a
compromise decision that creates the ‘best posdilfere in terms of consequences
taken into account in the anticipatory network.

The anticipation model presented in this papeesed, which means that any decision
agent included in the model of future consequenéasdecision to be made does also
possess the ability to anticipate the resultsséié@cisions and that the behavior of such
agents is a component of our model. This was tha tlat motivated us in a natural
way to introduce the superanticipatory systems. 3imgeranticipatory approach can
change the paradigms of multicriteria decision mgkivhere the compromise decision
has been usually selected with a simple model néeguences expressed by a value or
utility function. Our approach will require the dgion maker to gather much informa-
tion about anticipated future consequences, fudaogsion problems and future decision
makers. However, available information about theure that has been previously
neglected or simplified excessively due to the latlappropriate models can now be
constructively applied in multicriteria decision kivag processes. Various possible
extensions of this model and its potential applicet allow us to expect more future
research results devoted to anticipatory netwonkistaeir applications.
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