Recursive Causality in Bayesian Networks
and Self-Fibring Networks

Dov GABBAY AND JON WILLIAMSON

Causal relations can themselvestake part in causal relations. Thefact that smoking
causes cancer (SC), for instance, causes government to restrict tobacco advertising
(A), which helps prevent smoking (S), which in turn helps prevent cancer (C).
This causal chain is depicted in Figure 1, and further examples will be given in

Section 1.

Figure 1. SC": smoking causes cancer; A: tobacco advertising; S: smoking; C':
cancer

So causal models need to be able to treat causal relationships as causes and
effects. This observation motivates an extension the Bayesian network causal cal-
culus (Section 2) to allow nodes that themselves take Bayesian networks as values.
Such networkswill be called recursive Bayesian networkSection 3).

Because recursive Bayesian networks make causal and probabilistic claims at
different levelsof their recursive structure, thereis adanger that the network might
contradict itself. Hence we need to ensure that the network is consistent, as ex-
plained in Section 4. Having done this, in Section 5 we propose a new Markov
condition: under this condition a recursive Bayesian network determines a joint
probability distribution over its domain.

In Section 6 we compare our approach to other generalisations of Bayesian
networks, and in Section 7 we show by analogy with recursive Bayesian networks
how recursive causality can be modelled in structural equation models. A similar
analogy motivates the application of recursive Bayesian networks to a non-causal
domain, namely the modelling of arguments (Section 8).

A recursive Bayesian network is an instance of a very general structure called
a self-fibring information network, whose properties are explored in Section 9 and
Section 10.
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1 Causal Relations as Causes

It is almost universally accepted that causality is an asymmetric binary relation. !
But the question of what the causal relation relates is much more controversial:
the relata of causality have varioudly taken to be single-case events, properties,
propositions, facts, sentences and more. In this paper we shall only add to the con-
troversy, by dealing with cases in which causal relations themselves are included
as relata of causality. Our aim is to shed light more on the processes of causal
reasoning, especially formalisations of causal reasoning, than on the metaphysics
of causality.

More generally we shall consider sets of causal relations, represented by di-
rected causal graphs such as that of Figure 1, as relata of causality. (A single
causal relationship is then represented by a causal graph consisting of two nodes
referring to the relata and an arrow from cause to effect.) If, asin Figure 1, a
causal graph G contains a causal relation or causal graph as a value of anode, we
shall call G arecursive causal grapbnd say that it representsrecursive causality

Perhaps the best way to get a feel for the importance and pervasiveness of re-
cursive causality isthrough a series of examples.

Policy decisions are often influenced by causal relations. As we have aready
seen, smoking causing cancer itself causes restrictions on advertising. Similarly,
monetary policy makers reduce interest rates (R) because interest rate reductions
boost the economy (E) by causing borrowing increases (B) which in turn allow
investment (7). Here we have a causal chain asin Figure 2 forming the value of
node RE in Figure 3.

Figure 2. R: interest rate reduction; B: borrowing; I: investment; E: economic
boost

Figure 3. RE: interest rate reduction causing economic boost; R: interest rate
reduction

Policy need not be made for us. we often decide how we behave on the basis
of perceived causal relationships. It is plausible that drinking red wine causes an

INot quite universally: [Mellor, 1995] disagrees for example.
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increase in anti-oxidantswhich in turn reduces cholesterol deposits, and this appar-
ent causal relationship causes some peopleto increase their red wine consumption.
This example highlights two important points. Firstly, it is a belief in the causal
relationship which directly causes the policy change, not the causal relationship it-
self. The belief in the causal relationship may itself be caused by the relationship,
but it may not be—it may be afalse belief or it may betrue by accident. Likewise,
if a causal relationship exists but no one believes that it exists, there will be no
policy change. Secondly, the policy decision need not be rational on the basis of
the actual causal relationship that causes the decision: drinking red wine may do
more harm than good.

A contract can be thought of as a causal relationship, and the existence of a
contract can be an important factor in making a decision. A contract in which
production of commodity C' is purchased at price P may be thought of as a causal
relationship C — P, and the existence of this causal relationship can in turn
cause the producer to invest in further means of production, or even other com-
modities. For example, a Fair Trade chocolate company has along-term contract
with a co-operative of Ghanaian cocoa producers to purchase (P) cocoa (C) at a
price advantageous to the producer asin Figure 4. The existence of this contract
(C P) alowsthe co-operativeto invest in community projects such as schools (.S),

asinFigure 5.

Figure 4. C: cocoaproduction; P: purchase

Figure 5. C'P: cocoa production causing payment; S school investment

An insurance contract is an important instance of this example of recursive
causality. Insuring a building against fire may be thought of as a causal relation-
ship of the form ‘insurance contract causes [fire F' causes remuneration R]’ or
[C — P] — [F' — R] for short, where as before C' is the commodity (i.e. the
contract) and P is payment of the premium. The existence of such an insurance
policy can cause the policy holder to commit arson (A) and set fire to her building
and thereby get remunerated: [[C — P] — [FF — R]] — A — F — R.
Causality in this relationship is nested at three levels. Insurance companies will
clearly want to limit the probability of remuneration given that arson has occurred.
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Thuswe seethat recursive causality is particul arly pervasivein decision-making
scenarios. However, recursive causality may occur in other situationstoo—situations
in which it is the causal relationship itself, rather than someone's belief in the
relationship, that does the causing. Pre-emption is an important case of recur-
sive causality, where the pre-empting causal relationship prevents the pre-empted
relationship: [poisoning causing death] prevents [heart failure causing death]. 2
Context-specific causality may also be thought of recursively: acausal relationship
that only occurs in a particular context (such as susceptibility to disease amongst
immune-deficient people) can often be thought of in terms of the context causing
the causal relationship.

Arguably prevention is often best interpreted in terms of recursive causality:
when taking mineral supplements prevents goitre, what is really happening is that
taking mineral supplements prevents [poor diet causing goitre]—this is because
there are other causes of goitre such as various defects of the thyroid gland, taking
mineral supplements does not inhibit these causal chains and thus does not prevent
goitresimpliciter. (In many such cases, however, the recursive nature can be elimi-
nated by identifying aparticular component of the causal chainwhichis prevented.
Poor diet (D) causes goitre (G) viaiodine deficiency (I) and mineral supplements
(S) prevent iodine deficiency and so this example might be adequately represented
by Figure 6, which is not recursive. Of course the recursive aspect can not be
eliminated if no suitable intermediate variable I is known to the modeller.)

Figure 6. D: poor diet; S: minera supplements; I: iodine deficiency; G: goitre

Recursive causdlity is clearly a widespread phenomenon. The question now
arises as to how recursive causality ought to influence our reasoning mechanisms.
After a brief introduction to Bayesian networks in Section 2 we shall extend the
Bayesian network formalism to cope with recursive causality (Section 3) and then
discuss some related extensions of Bayesian networks (Section 6). Later we shall
see that this approach to causal reasoning generalisesin an interesting way.

2We suggest that this is a simpler and more natural way of representing pre-emption than the pro-
posal of Section Section 10.1.3, 10.3.3, 10.3.5 of [Pearl, 2000].
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2 Bayesian Networks

A Bayesian network is defined over afinite domain V- = {Vy,...,V,,} of vari-
ables. In principle there are no size restrictions on the set of possible values that
each variable may take, but often in practice each variable will have only a fi-
nite number of possible values. For simplicity we shall restrict our attention to
two-val ued variables, and denote the assignment of V; to its values by v; and —w;
respectively, for i = 1,...,n. Anassignment u to asubset U C V of vari-
ablesis a conjunction of assignments to each of the variablesin U. For example
v1 A —w2 A —wy isan assignment to {17, V2, Vs }.

A (causally interpreted) Bayesian network on V' consists of two components:

e A directed acyclic graph G with nodes from V', representing the causal re-
lations amongst the variables.

e A probability specification S. For each V; € V, S specifies the prob-
ability distribution of V; conditional on its parents (direct causes in G),
i.e. S consists of statements of the form ‘p(v;|par;) = ; yar,” for each
i =1,...,n and assignment par, of values to the parents of V;, and where
each z; qr, € [0,1]. If the value of avariable V; is known then V; is said
to be instantiatedto that value and the corresponding probability specifiers
p(vi|par;) arel or 0 according to whether v; or —w; istheinstantiated value.

The graph and probability specification of a Bayesian network are linked by a
fundamental assumption known as the causal Markov condition This says that
conditional on its parents, any node is probabilistically independent of all other
nodes apart from its descendants, written V; 1L ND; | Par; where ND; and Par;
are respectively the sets of non-descendants and parents of V;.

A Bayesian network suffices to determine a joint probability distribution over
its nodes, since for each assignment v on V/,

n

(1) p@) =[] pvilpar;)

i=1

where v; isthe assignment v givesto V;, and par; is the assignment v givesto the
parents Par; of V;.

Bayesian networks are used because they offer the opportunity of an efficient
representation of ajoint probability distribution over V.. While 2™ different prob-
ahilities p(v) specify the joint distribution, these values may (depending on the
structure of the causal graph G) be determined viaegn 1 fromrelatively few values
in the probability specification .S. Furthermore, a number of algorithms have been
developed for determining marginal probabilities from a Bayesian network, often



176 Dov Gabbay and Jon Williamson

very quickly (but this again depends on the structure of ). Causal graphs are of -
ten sparse, and thus lead to efficient Bayesian network representations. Moreover
the causal interpretation of the graph ensures that the causal Markov condition is
a good default assumption, even if the conditional independence relationships it
posits do not always hold in practice.*

3 Extension to Recursive Causality

As noted in Section 1, causa relationships often act as causes or effects them-
selves. In a Bayesian network, however, the nodes tend to be thought of as sim-
ple variables, not complex causal relationships. Thus we need to generalise the
concept of Bayesian network so that nodesin its causal graph G' can signify com-
plex causal relationships. On the other hand, we would like to retain the essential
features of ordinary networks, namely the ability to represent joint distributions
efficiently, and the ability to perform probabilistic inference efficiently.

The essentia step is this. We shall alow variables to take Bayesian networks
as values. If a variable takes Bayesian networks as values we will cal it a net-
work variableto distinguish it from asimple variablevhose values do not contain
such structure. Thus S, which signifies * payment of subsidy to farmer’ and takes
value true (s) or fase (—s) is a simple variable. But an example of a network
variable is A, which stands for ‘agricultural policy’ and takes value a signify-
ing the Bayesian network containing the graph of Figure 7 and the specification
{pa(f) = 0.1,pa(s|f) = 0.9, p.(s|~f) = 0.2}, where F isasimple variable sig-
nifying ‘farming’, or value —a signifying Bayesian net with graph of Figure 8 and
specification {p_,(f) = 0.1,p-4(s) = 0.2}. Herea isapolicy in which farming
causes subsidy and —a is a policy in which there is no such causal relationship.
For simplicity we shall consider network variables with at most two values, but
the theory that follows applies to network variables which take any finite number

of values.

Figure 7. Graph of a: farming causes subsidy

3See [Negpolitan, 1990] for a detailed discussion of the properties of Bayesian networks and key
inference algorithms.

4See [Williamson, 2001] on this point. While Bayesian networks were originally developed with a
causal interpretation in mind [Pearl, 1988], a joint probability distribution can also be represented by
a Bayesian network whose graph does not admit a viable causal interpretation. If a Bayesian network
is not causaly interpreted then causal justifications of the Markov condition do not apply, and an
independent justification is required. Thusin Section 5 we define a network called a flatteningwhich
contains arrows that do not correspond to causal relations, and we also provide ajustification for the
Markov condition.
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Figure 8. Graph of —a: no causal relationship between farming and subsidy

A recursive Bayesian networ&then aBayesian network containing at | east one
network variable. For example the network with graph Figure 9 and specification
{p(l) = 0.7,p(a|l) = 0.95, p(a|-l) = 0.4}, representing the causal relationship
between lobbying and agricultural policy, is arecursive Bayesian network, where
the simple variable L stands for ‘lobbying’ and takes value true or false, and A is
the network variable signifying ‘ agricultural policy’ discussed above.

Figure 9. Lobbying causes agricultural policy

We shall allow network variables to take recursive Bayesian networks (as well
as the standard Bayesian networks of Section 2) as values. In this way arecursive
Bayesian network represents a hierarchical structure.

If avariable C' is a network variable then the variables that occur as nodes in
the Bayesian networks that are the values of C' are called the direct inferiors of
C', and each such variable has C' as a direct superior Inferior and superiorare
the transitive closures of these relations: thus E isinferior to C iff it is directly
inferior to C' or directly inferior to avariable D that isinferior to C'. The variables
that occur in the same local network as C' are called its peers

A recursive Bayesian network b = (G, S) conveysinformation on a number of
levels. The variablesthat are nodesin G arelevel 1; any variables directly inferior
to level 1 variables are level 2 and so on. The network b itself can be associated
with a network variable B that is instantiated to value b, and we can speak of B
as the level 0 variable (We have not specified the other possible values of B:
for concreteness we can suppose that B is a single-valued network variable which
only takes value b.) The depthof the network is the maximum level attained by a
variable. A Bayesian network isnon-recursivef itsdepthis 1; it iswell-foundedf
its depth isfinite. We shall restrict our discussion to finite networks: well-founded
networks whose levels are each of finite size.

For i > 0 let V; be the set of level i variables, and let G; and S; be the set
of graphs and specifications respectively that occur in networks that are values of
level ¢ variables. ThusVy = {B}, Gy = {G} and Sp = {S}. Thedomainof b is
theset V' = J, V; of variables at all levels.

Notethat V' containsthelevel 0 variable B itself and thus contains all the struc-
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tureof b. Inour exampleV = {B, L, A, F, S} wherethe level 0 network variable
B takes value b whose graph is Figure 9 and whose probability specification is
{p(l) =0.7,p(all) = 0.95, p(a|-l) = 0.4} and the only other network variableis
A whose value a has graph of Figure 7 and specification {p,(f) = 0.1, p.(s|f) =
0.9, p,(s|~f) = 0.2} and whose value —a has graph of Figure 8 and specifica
tion {p-.(f) = 0.1,p_.(s) = 0.2}; then V itself determines all the structure of
the recursive Bayesian network in question. Consequently we can talk of ‘recur-
sive Bayesian network b on domain V' and ‘recursive Bayesian network of V"’
interchangeably.

A network variable V; can be thought of as a simple variable V;/ if one drops
the Bayesian network interpretation of each of its values: V' is the simplification
of V;. A recursive network b can then be interpreted as a non-recursive network b’
ondomain V| = {V/ : V; € V1 }: then ¥’ is called the simplificationof b.

A variable may well occur more than once in a recursive Bayesian network, in
which case it might have morethan onelevel.® Notethat in awell-founded network
no variable can be its own superior or inferior. A recursive Bayesian network
makes causal and probabilistic claimsat all itsvariouslevels, and if variables occur
more than once in the network, these claims might contradict each other. We shall
examine this possibility now.

4 Consistency

Network variables that occur in the domain of a recursive Bayesian network b =
(G, S) can be interpreted as making causal and probabilistic claims about the
world. Any network variable that is instantiated to a particular value asserts the
validity of the network to which it isinstantiated. In particular thelevel 0 network
variable B asserts its instantiated value b, i.e. it asserts the causa relationsin G,
the probabilistic independence rel ationships one can derive from G via the causal
Markov condition, and the probabilistic claims made by the probability specifica-
tion S. A network variable that is not instantiated asserts the weaker claim that
precisely one of its possible values is correct. A recursive Bayesian network is
consistent if these claims do not contradict each other.

In order to give a more precise formulation of the consistency requirement we
need first to define consistency of non-recursive Bayesian networks. There are
three desiderata: consistency with respect to causal claims (causal consistengy
consistency with respect to implied probabilistic independencies (Markov consis-

SWhile one might think that there will be no repetition of variables if all variables correspond to
single-case events, thisis not so. Event A causing event B causes an agent to change her belief about
the relationship between A and B, this belief being represented by network variable C' whose value
—c has B causing A and whose value ¢ has A causing B. Here A and B occur more than once in the
network but need not be repeatably instantiatable variables—they may be single-case events.
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tency and consistency with respect to probabilistic specifiers (probabilistic con-
sistency.

First causal consistency. A chain A ~» B from node A to node B in adirected
acyclic graph is a sequence of nodes in the graph, beginning with A and ending
with B, such that there is an arrow from each node to its successor. A subchain
of achain ¢ from A to B isachain from A to B involving nodesin ¢ in the same
order, though not necessarily all the nodesin ¢. Thus Figure 10 contains both the
chain (A, C, B) anditssubchain (A, B). Theinterior of achain A ~» B isdefined
asthe subchain involving all nodes between A and B in the chain, not including A
and B themselves. A pathbetween A and B is a sequence of nodes in the graph,
beginning with A and ending with B, such that there is an arrow between each
node and its successor (the direction of the arrow is unimportant).

Figure 10.

The restriction G|y of causal graph G defined on variables V' to the set of
variablesW C V isdefined asfollows: for variables A, B € T, thereis an arrow
A — BinGw ifandonlyif A — BisinG or, A ~ Bisin G and the
variables in the interior of this chain are in V\W. Thus G and G v agree as
to the causal relationships amongst variablesin W. It is not hard to see that for
X g w g V,GLWLX = GLX-

Two causal graphs G on V and H on W are causally consisteni there is a
third (directed and acyclic) causal graph F onU = V U W suchthat F |y = G
and Fw = H. ThusG and H are causally consistent if thereis a model F' of the
causal relationshipsin both G and H. Such an F' is called a causal supergrapbf
Gand H.

Figure 11 and Figure 12 are causally consistent for instance, because the latter
graph is the restriction of the former to {A, B, C'}. However, Figure 10 is not
causally consistent with Figure 11: they do not agree as to the causa chains
between A, B and C. Similarly Figure 10 and Figure 12 are causally inconsistent.

Figure 11.
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Figure 12.

Notethat if G and H are causally consistent and nodes A and B occur in both
G and H thenthereisachain A ~ B in G iff thereisachain A ~ Bin H. We
will define two non-recursive Bayesian networks to be causally consisterif their
causal graphs are causally consistent.

Another important consistency requirement is Markov consistency. Two causal
graphs G and H are Markov consistenif they posit (via the causal Markov con-
dition) the same set of conditional independence relationships on the nodes they
share. Figure 11 and Figure 12 are Markov consistent because on their shared
nodes A, C, B they each imply just that A and B are probabilistically indepen-
dent conditional on C'. Figure 10 is not Markov consistent with either of these
graphs because it does not imply this independency. Two non-recursive Bayesian
networks are Markov consistenif their causal graphs are Markov consistent.

Note that Markov consistency does not imply causal consistency: for instance
two different complete graphs on the same set of nodes (graphs, such as Figure 10,
in which each pair of nodes is connected by some arrow) are Markov consistent,
since neither graph implies any independence relationships, but causally incon-
sistent because where they differ, they differ as to the causal claims they make.
Neither does causal consistency of a pair of causal graphs imply Markov consis-
tency: Figure 13 and Figure 14 are causally consistent but Figure 14 impliesthat
A and B are probabilistically independent, while Figure 13 does not.

Figure 13.

In fact we have the following. Let Com ¢ (X) be the set of closest common
causes of X accordingto GG, that is, the set of causes C' of X that are causes of at
least two nodes A and B in X for which some pair of chainsfrom C' to A and C'
to B only have node C' in common. Then,
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@

Figure 14.

PROPOSITION 1. Supposé&’ andH are causal graphs ol and1¥ respectively.

G and H are Markov consistent if they are causally consistent and their shared
nodes are closed under closest common causes (‘cccc’ for si@wtho(V N
WHYU Comg(VNW)CVNW.

Proof. Suppose X UL ¢ Y | ZforsomeX,Y,Z CVNW. Thenforeach A € X
and B € Y, Z D-separatesA from B in G: every path between A and B is
blockedby 7, i.e. every path contains (i) a structure — C' — with C'in Z, or
(i) astructure +— C — with C'in Z, or (iii) a structure — C +— where Z
contains neither C' nor any of its descendants.® G and H are causally consistent
so there is a causal supergraph FonV UW (G = F|y and H = F|w). Now
consider apath between A and B in F'. Such apath either (a) isachain (A ~ B
or B ~» A), (b) contains some C' where C' ~» A and C ~ B, or (c¢) contains a
— C +— structure. In case (a) there must bein G asubchain of this chain which
is blocked by Z so the original chainin F' must also be blocked by Z. Similarly
in case (b), since G and H are cccc there must be a blocked subpath in G which
hasC ~ A and C ~ B. In case (¢), either there is a corresponding subpath in G
whichisblocked, or C' and its descendantsare not in Z so the path in F' is blocked
inany case. Thus X 1lp Y | Z. Next take the restriction F|yy = H. Paths
between A and B in H must be blocked by Z since they are subpaths of pathsin
F that are blocked by Z and all varigblesin Z occurin H. Thus X 1L g Y | Z, as
required. |

Notethat while (under the assumption of causal consistency) closure under clos-
est common causes is a sufficient condition for Markov consistency, it is not anec-
essary condition: Figure 13 and Figure 15 are Markov consistent because neither
imply any independenciesjust amongst their shared nodes A and B, but the set of
shared nodesis not closed under closest common causes.

6D-separation is a necessary and sufficient condition for deciding the conditional independencies
implied by a causal graph under the causal Markov condition. See[Pearl, 1988, Section 3.3.1].
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Figure 15.

Markov consistency is quite a strong condition. It is not sufficient merely to
require that the pair of causal graphs imply sets of conditional independence re-
lations that are consistent with each other—in fact any two graphs satisfy this
property. The motivation behind indexconsistency!MarkovMarkov consistency is
based on the fact that a cause and its effect are usually probabilisticaly depen-
dent conditional on the effect’s other causes (this property is known as the causal
dependence conditi®yin which case probabilistic independenciesthat are not im-
plied by the causal Markov condition are unlikely to occur. For example, while the
fact that C' causes A and B (Figure 13) is consistent with A and B being uncondi-
tionaly independent (Figure 14), it makestheir independence extremely unlikely:
if A and B have a common cause then the occurrence of assignment a of A may
be attributable to the common cause which then renders b more likely (less likely,
if the common cause is a preventative), in which case A and B are uncondition-
aly dependent. Thus Figure 13 and Figure 14 are not compatible, and we need
the stronger condition that independence constraints implied by each graph should
agree on the set of nodes that occur in both graphs.

Finally we turn to probabilistic consistency. Two causally consistent non-
recursive Bayesian networks (G, S) and (H,T'), defined over V' and W respec-
tively, are probabilistically consistenif there is some non-recursive Bayesian net-
work (F, R), defined over V' U T¥ and where F' is a causal supergraph of G and
H, whoseinduced probability function satisfies all the equalitiesin S UT'. Such a
network is called acausal supernetf (G, .S) and (H,T).

PROPOSITION 2. Suppose two non-recursive Bayesian netw¢eksS) and(H, T')

are causally consistent, probabilistically consistent and closed under closest com-
mon causes (cccc). Then there is a causal supdifieR) of (G, S) and (H,T)

that is cccc with G, S) and(H,T).

Proof. Because (G, .S) and (H,T') are causally and probabilistically consistent,
thereisasupernet (E, Q), of (G,S) and (H,T). If E isccccwith G and H then
weset (F, R) = (E, () and we are done. Otherwise, if E is not cccc with G say,
then there is some Y -structure of the form of Figure 16 in E, where Figure 17 is
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the corresponding structurein G. (In these diagrams take the arrowsto signify the
existence of causal chainsrather than direct causal relations.) Note that B must be
inG or H, sincethe domain of acausal supergraph of G and H isthe union of the
domainsof G and H; B cannot bein G since otherwise by causal consistency the
chainfrom A to C in G would govia B; hence B isin H. Note also that not both of
C and D canbein H, for otherwise G and H are not cccc. Supposethenthat D is
notin H. Thenthe chain from B to D isnotin G or H. Construct F' by taking E,
removing the chain from B to D and including a chain from A to D, asin Figure
18. (Do this for al such Y -structures not replicated in G.) F' remains a causal
supergraph of G and H, sincethe chain from B to H was redundant. Moreover F'
is now cccc with G. Next construct the associated probability specification R by
determining specifiersfrom (E, ). Thusif the causal chainfrom A to D isdirect
we can set p(dla) = >, p(e,) (db)p(E,0)(bla) in R. 1tisnot hard to see that
P(r,r) agres with p g o) on the specifiersin S and 7' so the new network is also
acausal supernet of (G, S). If E isnot cccc with H then repeat this algorithm, to
yield acausal supernet of (G, .S) and (H,T') that is cccc with (G, S) and (H,T).

|

Figure 16. B isthe closest common cause of C' and D

Figure 17. A isthe closest common cause of C' and D.

Note that the requirement that G and H are cccc in the aboveresult is essential.
If G isFigure 16 and H isFigure 17 then thereisno causal supergraph of G and
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Figure 18. A isthe closest common cause of C' and D.

H that isccccwith G and H.

PROPOSITION 3. Suppose two non-recursive Bayesian networks are causally
consistent, probabilistically consistent and cccc. Then they determine the same
probability function over the variables they share.

Proof. Suppose (G, S) and (H,T) are causaly and probabilistically consistent
and cccc. Then by Proposition 2 thereis acausal supernet (F, R) that is ccce with
both nets. By Proposition 1 F' is Markov consistent with G and H.

Next notethat (G, S) and (F, R) determine the same probability function over
variablesV of (G, S):

PG,s) (v) = H pa,s) (Ui|Pa7“iG)
v;EV

where par¢ is the state of the parents of V; according to G that is consistent with
assignmentv to V,

= H P(F,R) (vi |pa7"iG)
v, €V

since (F, R) isacausa supernet of (G, S),

= H p(r,R)(Vilv1, ..., vio1) = pF,R)(V)
v, €V

where it is supposed that the variables Vi, ..., V,, in V are ordered G-ancestrally,
i.e. no descendants of V; in G occur before V; in the order. Thislast step follows
because V; 1Lg Vi,...,Viiy | ParS impliesV; 1Ly Vi,...,Vioy | Par€ by
Markov consistency.

Similarly (H,T) and (F, R) determine the same probability function over the
variables of (H,T'). Hence (G, S) and (H,T') determine the same probability
function over variables they share. |
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Because Proposition 3 is a desirable property in itself we shall adopt closure
under closest common causes as a consistency condition. We shall say that two
non-recursive networks are consistentif they are causally and probabilistically
consistent, and cccc. By Proposition 1 consistency implies Markov consistency.

Having elucidated concepts of consistency for non-recursive networks, we can
now say what it means for arecursive network to be consistent.

An assignment v of valuesto variablesin V', the domain of arecursive Bayesian
network b, assigns values to all the simple variables and network variables that
occur in b. Take for instance the recursive Bayesian network b of Figure 9: here
V ={B,L,AF,S}andb AlA—-aA fA-sisanexampleof an assignment to
V. (Note that the level 0 variable B only takes one value b and so must always
be assigned this value.) Consider the assignment of values v gives to network
variables in V. In our example, the network variables are B and A and these
are assigned values b and —a respectively. Each such value is itself a recursive
Bayesian network, and when simplified induces anon-recursive Bayesian network.
Let b, denote the set of recursive Bayesian networks induced by v (i.e. the set of
valuesv assignsto network variablesof b) and let b, denotethe set of non-recursive
Bayesian networks formed by simplifying the networksin b,, .

Assignment v is consistenif each pair of networksin b', is consistent (i.e. if
each pair of values of network variables is consistent, when these values are inter-
preted non-recursively). A recursive Bayesian network is consistentf it has some
consistent assignment v of valuesto V. A consistent assignment of values to the
variables in a network can be thought of as a model or possible world, in which
case consistency correspondsto satisfiability by amode.

In sum, if a recursive Bayesian network is not to be self-contradictory there
must be some assignment under which al pairs of network variables satisfy three
regularity conditions: causal consistency, probabilistic consistency and closure un-
der closest common causes.

Figure 19. Graph G,

Note that it is easy to turn a recursive network into one that is causally con-
sistent, by ensuring that causal chains correspond for some assignment, and then
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ccce (and so Markov consistent), by ensuring that shared nodes of pairs of graphs
also share closest common causes, for some assignment. In order to make G 5 in
Figure 20 causally consistent with graph G, of Figure 19, for example, we need
to introduce a chain that corresponds to the chain (D, F, E) in G », by adding an
arrow from D to E in G4. In order to make G5 and G cccc (and so Markov
consistent) we need to add B to G as a closest common cause of C' and D. The
modified graphs are depicted in Figure 21 and Figure 22.

Figure 20. Graph G »

Figure 21. Graph H,

Figure 22. Graph H»

Similarly in practice one would not expect each probability specification to be
provided independently and then to have the problem of checking consistency—
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ne would expect to use conditional distributions in one specification to determine
distributions in others. For example, a probability specification on H, in Figure
22 would completely determine a probability specification on H; in Figure 21.

5 Joint Distributions

Any non-recursive Bayesian network is subject to the causal Markov condition
(Section 2) which determines ajoint probability distribution over the variables of
the network from its graph and probability specification. We shall suppose that
recursive Bayesian networks al so satisfy the causal Markov condition. A recursive
Bayesian network contains network variables whose values are interpreted as (re-
cursive or non-recursive) Bayesian networks. Thus a recursive Bayesian network
suffices to determine a hierarchy of joint probability distributions p,, on the (level
1) variables of a, for each a that occurs as the value of a network variable. (l.e. a
recursive Bayesian network b determines ajoint distribution on each network in b,
for each consistent assignment v to the domain of 5.) Standard Bayesian network
algorithms can be used to perform inference in arecursive Bayesian network, and
the range of causal-probabilistic questions that can be addressed is substantially
increased. For example one can answer questions like ‘what is the probability of
asubsidy given farming? (see Figure 7) and ‘what is the probability of lobbying
given agricultural policy —a? (see Figure 9).

Certain questions remain unanswered however. We can not as yet determinethe
probability of one node conditional on another if the nodes only occur at different
levels of the network. For example we can not answer the question ‘what is the
probability of subsidy given lobbying? While we have a hierarchy of joint distri-
butions, we have not yet specified a single joint distribution over the set of nodes
in the union of the graph, i.e. over the recursive network as awhole.

Infact aswe shall see, arecursive network does determine such an over-arching
joint distribution if we make an extra independence assumption, called the re-
cursive Markov conditioneach variable is probabilistically independent of those
other variables that are neither its inferiors nor its peers, conditiona on its direct
superiors.

A precise explication of the causal Markov condition and recursive Markov
condition will be given shortly.

Given a recursive Bayesian network domain V' and a consistent assignment v
of valuesto V', we construct a non-recursive Bayesian network, the flattening v +,
of v asfollows. The domain of v+ is V itself. The graph G+ of v* has variablesin
V' asnodes, each variable occurring only once in the graph. Add an arrow from V;
toV; in GV if

e V;isaparent of V; inwv (i.e. thereis an arrow from V; to V; in the graph of
some value of v) or
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e V;isadirect superior of V; inw (i.e. V; occursin the graph of the value that
v assignsto V;).

We will describe the probability specification S+ of v+ in due course. First to some
properties of the graph G'+.

(7

Figure 23. Example flattening

Note that G+ may or may not be acyclic. If we take our farming example V' =
{B, L, A, F,S} of Section 3, then the graph of theflattening (bA—=lAaA f As)*tis
depicted in Figure 23 and is acyclic. But the graph of the flattening of assignment
bAcANdANeto{B,C,D,E}, where B is the level 0 network variable whose
value b has graph C — D, C' and E are simple variables and D is a network
variable whose assigned value d has the graph E — C, is cyclic. The graph
in a non-recursive Bayesian network must be acyclic in order to apply standard
Bayesian network algorithms, and this requirement extends to recursive Bayesian
networks: we will focus on consistent acyclicassignments to arecursive Bayesian
network domain, those consistent assignments v that lead to an acyclic graph in
the flattening v+.’

By focussing on consistent acyclic assignments v, the following explications
of the two independence conditions become plausible. Given a consistent acyclic
assignment v, let PND? bethe set of variablesthat are peersbut not descendants of
Vi inw, NIP} bethenon-inferiorsor peersof V;, and DSup; bethedirect superiors
of V;. Asbefore, Par] arethe parentsof V; and ND? are the non-descendants of
V;. None of these sets are taken to include V; itself.

Causal Markov Condition (CMC) For eachi = 1,...,n and DSup; C X C
NIP!,V; IL PND? | Par!,X.
Recursive Markov Condition (RMC) Foreachi = 1,...,n and Par; C X C
PND},V; 1L NIP] | DSup], X.
Then the graph of the flattening has the following property:

PROPOSITION 4. Suppose is a consistent acyclic assignment to a recursive
Bayesian network domaii. Then the probabilistic independencies impliedvby

"Cyclic Bayesian networks have been studied to some extent, but are less tractable than the acyclic
case: see[Spirtes, 1995] and [, Neal 2000].
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via the causal Markov condition and the recursive Markov condition are just those
implied by the grapl@+ of the flattening)* via the causal Markov condition.

Proof. Order the variablesin V' ancestrally with respect to G+, i.e. no descendants
of V; in G occur before V; in the ordering—thisis always possible because G+ is
acyclic.

First we shall show that CMC and RMC for v imply CMC for G'+. By Corollary
3 of [Pearl, 1988] it suffices to show that V; 1L Vi,...,Vi_y | ParS" for any
V; € V. By CMC, V; 1L PND; | Par], DSup;, and by RMC, V; 1 NIP] |
DSup?, PND?. Applying contraction,®

Vi L PND; U NIP/} | Par}, DSup;.

Now {V1,...,Vi—1} C PND7UNIP} sincethevariablesare ordered ancestrally
and v isacyclic, and the parentsof V; in G+ arejust the parents and direct superiors

of Viinwv, PariGL = Par] U DSup],s0V; 1L Vi,..., Vi1 | Pm"?l asrequired.

Next we shall see that CMC for G+ implies CMC and RMC for v. In fact this
follows straightforwardly by D-separation. Par} U X D-separates V; and PND;
in G* for any DSup} C X C NIPY, since Par! U X includes the parents of V;
in G¥ and (by acyclicity of v) PND! are non-descendants of V; in G+, so CMC
holds. DSup} U X D-separatesV; and NIP} in G* for any Par} C X C PNDY},
since DSup? U X includes the parents of V; in G+ and (by acyclicity of v) NIPY
are non-descendants of V; in G+, so RMC holds. |

Having defined the graph G+ in the flattening v+ of v, and examined its prop-
erties, we shall move on to define the probability specification S+ of v*. In the
specification S+ we need to provide a value for p(vi|par?l) for each vaue v; of
V; and assignment pariGi of the parents Par?l of V; in G*+. If V; only occurs once

in the recursive Bayesian network determined by v then we can define

L )
p(vilpar{™) = p(vildsup] A par}) = pasupy (vilpary),

which is provided in the specification of the value of V;’s direct superior in v. If
V; occurs more than oncein the recursive Bayesian network determined by v then
the specifications of v contain p g, ¢ (vil par{’) for each graph G in v in which
V; oceurs. Then DSup? = |J, DSup$’ and Par? = |J, Par$, with the unions
taken over all such Gi. Now the specifiers p 4, ¢ (vi] par$’) congtrain the value of
Pasupy (vi|pary) but may not determineit completely. These arelinear constraints,
though, and thus there is a unique value for p geupe (vi|pary) which maximises

8Contraction is the following property of probabilistic independence: R 1L S|T and R 1L
U|S,T = R 1L S,U|T. See eg. [Pearl, 1988].
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entropy subject to the constraints holding—this can be taken asits optimal value, °
and p(v;|par@") can be set to this value.2

Having fully defined the flattening v+ = (G¥, S¥) and shown that the causal
Markov condition holds, we have a (non-recursive) Bayesian network, ** which
can be used to determine a probability function over assignmentsto v:

PROPOSITION 5. A recursive Bayesian network determines a unique joint dis-
tribution over consistent acyclic assignment®f values to its domain, defined
by
- 1
p() =[] plvilpar{™)

i=1

whereG* is the graph in the flattening* of v andp(v; |par&") is the value in the

specificationS+ of v+. (As usual; is the valuev assigns to; and par¢" is the
assignment gives to the parents df; according toG'+.)*?

While a flattening is a useful concept to explain how ajoint distribution is de-
fined, there is no need to actually construct flattenings when performing calcula-
tions with recursive networks—indeed that would be most undesirable, given that
there are exponentially many assignments and thus exponentially many flattenings
which would need to be constructed and stored. By Proposition 5, only the prob-
abilities p(v;|par? A dsup;) need to be determined, and in many cases (i.e. when
V; occurs only oncein v) these are aready stored in the recursive network.

The concept of flattening, in which a mapping is created between a recursive
network and a corresponding non-recursive network, a so hel ps us understand how
standard inference al gorithmsfor non-recursive Bayesian networks can be directly
applied to recursive networks. For example, message-passing propagation algo-
rithms!® can be directly applied to recursive networks, as long as messages are
passed between direct superior and direct inferior as well as between parent and
child. Moreover, recursive Bayesian networks can be used to reason about inter-
ventions just as can non-recursive networks: when one intervenes to fix the value
of avariable one must treat that variable as aroot nodein the network, ignoring any
connections between the node and its parents or direct superiors.*# In effect, tools

9[Jaynes, 1957].

10gee [Williamson, 2002] for more on maximising entropy.

1INote that this Bayesian network is not causally interpreted, since arrows from superiors to direct
inferiors are not causal arrows.

12Here the domain of p isthe set of assignmentsto V, and p is unique over consistent acyclic assign-
ments. If one wants to take just the set of consistent acyclic assignments as domain of p (equivalently,
to award probability 0 to inconsistent or cyclic assignments) then one must renormalise, i.e. divide
p(v) by > p(v) where the sum is taken over all consistent acyclic assignments.

13gee [Pearl, 1988] [Negpolitan, 1990].

14]Pearl, 2000] Section 1.3.1.
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for handling non-recursive Bayesian networks can be easily mapped to recursive
networks.

A word on the plausibility of the recursive Markov condition. It was shown
in [Williamson, 2001] that the causal Markov condition can be justified as fol-
lows: suppose an agent’s background knowledge consists of the components of
a causally interpreted Bayesian network—knowledge of causal relationships em-
bodied by the causal graph and knowledge of probabilities encapsulated in the cor-
responding probability specification—then the agent’s degrees of belief ought to
satisfy the causal Markov condition.® This justification rests on the acceptance of
the maximum entropy principle (which says that an agent’s belief function should
be the probability function, out of all those that satisfy the constraints imposed
by background knowledge, that has maximum entropy) and the causal irrelevance
principle (which saysthat if an agent learns of the existence of new variableswhich
are not causes of any of the old variables, then her degrees of belief concerningthe
old variables should not change). An analogous justification can be provided for
the recursive Markov condition. Plausibly, learning of new variables that are not
superiors (or causes) of old variables should not lead to any change in degrees
of belief over the old domain. Now if an agent’s background knowledge takes
the form of the components of a recursive Bayesian network then the maximum
entropy function, and thus the agent’s degrees of belief, will satisfy the recursive
Markov condition as well as the causal Markov condition. Thus ajustification can
be given for both the causal Markov condition and the recursive Markov condition.

6 Redated Work

Bayesian networks have been extended in avariety of ways, and some of these are
loosely connected with the recursive Bayesian networks introduced above.
Recursive Bayesian multingjeneralise Bayesian networks aong the following
lines.!® First, Bayesian networks are generalised to Bayesian multineta/hich rep-
resent context-specific independence rel ationships by a set of Bayesian networks,
each of which represents the conditional independencies which operate in a fixed
context. By creating a variable C' whose assignments yield different contexts, a
Bayesian multinet may be represented by decision tree whose root is C' and whose
leaves are the Bayesian networks. The idea behind recursive Bayesian multinets
is to extend the depth of such decision trees. Leaf nodes are still Bayesian net-
works, but there may be several decision nodes. For example, Figure 24 depicts
arecursive Bayesian multinet in which there are three decision nodes, C'¢, C, and
Cs, and four Bayesian networks B1, By, B3, B4. Node C has two possible con-
texts as values; under the first node C'; comesinto operation; this has two possible
contexts as values; under the first Bayesian network B, describes the domain; un-

155ee also [Williamson, 2002].
15[pefia et al, 2002].
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Figure 24. A recursive Bayesian multinet

der the second B, applies, and so on. Figure 24 is recursive in the sense that
depending on the value of C'y, adifferent multinet is brought into play—the multi-
net on C», By, Bs or that on C3, B, B4. Thus recursive Bayesian multinets are
rather different to our recursive Bayesian networks: they are applicableto context-
specific causality where the contexts need to be described by multiple variables, **
not to general instances of recursive causality, and consequently they are struc-
turally different, being decision trees whose leaves are Bayesian networks rather
than Bayesian networks whose nodes take Bayesian networks as values.
Recursive relational Bayesian networaneralise the expressive power of the
domain over which Bayesian networks are defined.'® Bayesian networks are es-
sentially propositional in the sense that they are defined on variables, and the as-
signment of a value to a variable can be thought of as a proposition which is true
if the assignment holds and false otherwise. We have made this explicit by rep-
resenting the two possible assignments to variable A by a and —a respectively.
Relational Bayesian networlkgeneralise Bayesian networks by enabling them to
represent probability distributions over more fine-grained linguistic structures, in
particular certain sub-languages of first-order logical languages. Recursive rela
tional Bayesian networks generalise further by allowing more complex probabilis-
tic constraints to operate, and by allowing the probability of an atom that instan-
tiates a node to depend recursively on other instantiations as well as the node's
parents.’® Thus in the transition from relational Bayesian networks to recursive
relational Bayesian networks the Markovian property of a node being dependent

17The particular application that motivated their introduction was data clustering—sed| Pefia et al.,
2002].

18[ Jagger, 2002].

195ee [Jaeger, 2002] for the details.
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just on its parents (not further non-descendants) is lost. Therefore recursive rela-
tional Bayesian networks and recursive Bayesian networks differ fundamentally
with respect to both motivating applications and formal properties.

Object-oriented Bayesian networksre developed as a formalism for repre-
senting large-scale Bayesian networks efficiently. 2’ Object-oriented Bayesian net-
works are defined over objects of which a variable is but one example. Such
networks are in principle very general, and recursive Bayesian networks are in-
stances of object-oriented Bayesian networks in as much as recursive Bayesian
networks can be formulated as objects in the object-oriented programming sense.
Moreover in practice object-oriented Bayesian networks often look much like re-
cursive Bayesian networks, in that such a network may contain several Bayesian
networks as nodes, each of which contains further Bayesian networks as nodes
and so on.?! However, there is an important difference between the semantics of
such object-oriented Bayesian networks and that of recursive Bayesian networks,
and this difference is dictated by their motivating applications. Object-oriented
Bayesian networks tend to be used to organise information contained in severa
Bayesian networks: each such Bayesian network is viewed as a single object node
in order to hide much of itsinformation that is not relevant to computations being
carried out in the containing network. Hence when there is an arrow from one
Bayesian network B, to another B, in the containing network, this arrow hides
a number of arrows from output variables (which are often leaf variables) of B
to input variables (often root variables) of B,. So by expanding each Bayesian
network node, an object-oriented Bayesian network can be expanded into one sin-
gle non-recursive, non-object-oriented Bayesian network. In contrast, in a recur-
sive Bayesian network, recursive indexBayesian network!recursiveBayesian net-
works occur as valuesof nodes not as nodes themselves, and when one recursive
Bayesian network b, causes another b, in a containing recursive Bayesian net-
work b, it is not output variables of b, that cause input variables of b, it isb; as
a wholethat causes b, as a whole Correspondingly, there is no straightforward
mapping of arecursive Bayesian network on V' to a Bayesian network on V': map-
pings (flattenings) are relative to assignment v to V. Thus while object-oriented
Bayesian networks are in principle very general, in practice they are often used to
represent very large Bayesian networks more compactly by reducing sub-networks
into single nodes. In such cases the arrows between nodes in an object-oriented
Bayesian network are interpreted very differently to arrows between nodes in a
recursive Bayesian network, and issues such as causal, Markov and probabilistic
consistency do not arise in the former formalism.

2[Koller & Pfeffer, 1997].
21see[Neil et al., 2000] for example.
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Hierarchical Bayesian networkEHBNs) were developed as a way to allow
nodes in a Bayesian network to contain arbitrary lower-level structure.??> Thus
recursive Bayesian networks can be viewed as one kind of HBN, in which lower-
level structures are of the same type as higher-level structures, namely Bayesian
network structures. In fact, HBNs were developed along quite similar lines to
recursive Bayesian networks, and even have a concept of flattening. However,
there are anumber of important differences. As mentioned, HBNs are rather more
generd in that they allow arbitrary structure. It is questionable whether this ex-
tra generality can be motivated by causal considerations:. certainly HBNs seem to
have been developed in order to achieve extragenerality, while recursive Bayesian
networks were created in order to model an important class of causa claims.
HBNs have been developed in most detail in the case considered in this paper,
namely where lower-level structure corresponds to causal connections. However,
the lower-level structures are not exactly Bayesian networks in HBNs. one must
specify the probability of each variable conditional onits parentsinitsloca graph
and all variables higher up the hierarchyThus HBNs have much larger size
complexity than recursive Bayesian networks. HBNs do not adopt our recursive
Markov condition—they only assume that a variable is probabilistically indepen-
dent of al nodes that are not its descendants conditional on its parents and all
higher-level variables This has its advantages and its disadvantages. on the one
hand it is aweaker assumption and thus less open to question, on the other it leads
to the larger size of HBNs. Finaly, variables can only appear oncein a HBN, but
they can appear more than oncein arecursive Bayesian network—we would argue
that repeated variables are well-motivated in terms of recursive causality (Section
1). Thus HBNs are more restrictive than recursive Bayesian networks in one re-
spect, and more general in another, and have quite different probabilistic structure.
However, they share common ground too, and where one formalism is inappropri-
ate, the other might well be applicable.

7 Structural Equation Models

Of course, a Bayesian network is not the only type of causal model, and the ex-
tension of Bayesian networks to recursive Bayesian networks can be paralleled in
other types of causal model.

After Bayesian networks, perhapsthe most widely applied type of causal model
is the structural equation modelThis consists of a ‘ pseudo-deterministic’ equa-
tion determining the value of each effect as a function of the values of its direct
causes and an error variable:

Vi = f(Pari,e;),

2[Gyftodimos & Flach, 2002].
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fori = 1,...,n and where Par; is the set of direct causes of V; and each error
variable ¢; is independently distributed. Typically the function f will be linear.
The effect is always written on the left-hand side of the equation; by adopting this
convention one can determine the causal structure (in the shape of a causal graph)
from the set of eguations. Structural eguations are quite restrictive—they only
allow variablesto vary with their direct causes (and independent error variabl es)—
and one can prove that the causal Markov condition holds given this restriction. If
we specify the probability distribution of each root variable (the variables which
have no causes) then we have a Bayesian network, since a structural equation
determines the probability distribution of each non-root variable conditional on
its parents in the causal graph. A Bayesian network does not determine pseudo-
deterministic functional relationships however, and so a structural equation model
isastronger kind of causal model than a Bayesian network.

Structural equation models can be extended to model recursive causality as fol-
lows. A recursive structural equation modtdkes not only simple variables as
members of its domain, but also SEM-variableswhich take structural equation
models as values (including a level 0 variable which takes as its only value the
top-level model).® As with recursive Bayesian networks we can impose natural
consistency conditions on a recursive structural equation model: causal consis-
tency and consistency of functional equations. Given an assignment to the domain,
we can create a corresponding, non-recursive structural equation model, itsflatten-
ing, and define a pseudo-deterministic functional model over the whole domain by
constructing an equation for each variable as a function of its direct superiors as
well asitsdirect causes (and an error variable).

We see, then, that the move from an ordinary Bayesian network to a recursive
Bayesian network can be mirrored in other types of causal model. In the following
sections we will study this move from a more general point of view. We will see
that the strategy of rendering a general network structure recursive can be applied
in various interesting ways—not just to recursive causality.

8 Argumentation Networks

Recursive networks are not just useful for reasoning with causal relationships—
they can aso be used to reason with other relationships that behave analogously to
causality. In this section we shall briefly consider the relation of support between
arguments.

In an argumentation frameworlone considers arguments as relata and attack-
ing as a relation between arguments.?* Consider the following example.?® Hal isa

2Warning: in the past, acyclic structural equation models have occasionally been called ‘recursive
structural equation models' —clearly ‘recursive’ isbeing used in a different sense here.

24[Dung, 1995].

2Due to [Coleman, 1992] and discussed in [Bench-Capon, 2003] Section 7.
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diabetic who loses hisinsulin; he proceedsto the house of another diabetic, Carla,
enters the house and uses some of her insulin. Was Hal justified? The argument
(A,) ‘Hal wasjustified since hislife being in danger allowed warranted his drastic
measures' is attacked by (A-) ‘it iswrong to break in to another’s property’ which
isin turn attacked by (A43) ‘Hal's subsequently compensating Carla warrants the
intrusion’. This argument framework is typically represented by the picture of

Figure 25.%6

Figure 25. Hal-Carla argumentation framework

One can represent the interplay of arguments at a more fine-grained level by
(i) considering propositions as the primary objects of interest, and (ii) taking into
account the notion of support as well as that of attack. By taking propositions
as nodes and including an arrow from one proposition to another if the former
supports or attacks the latter, we can represent an argument graphically. In our
example, let C' represent Hal compensates Carla, B ‘Hal breaks in to Carla's
House', W ‘Breaking in to a house is wrong’ and D ‘Hal’s life is in danger’.
Then we can represent the argument by [ —+ B] —~ [W —~ B] —~
[D —* BJ (here a plus indicates support and a minus indicates attack). In
general the fine structure of an argument is most naturally represented recursively
as a network of arguments and propositions. We call this kind of representation a
recursive argumentation netwark

If a quantitative representation is required, recursive Bayesian networks can
be directly applied here. The nodes or variables in the network are either simple
argumentsi.e. propositions, taking values true or false, or network arguments
which take recursive Bayesian networks as values. In our example C' is a sim-
ple argument with values ¢ or —¢ while A, is a network argument with values
ay referringto W — B (with associated probability specifiers p(w), p(b|+w))
or —ay representing W, B (with p(w), p(b)). Instead of interpreting the arrows
as causal relationships, indicating causation or prevention, we interpret them as
support relationships, indicating support or attack. The probability p(v ;|par;) of
an assignment v; to a variable conditional on an assignment par ; to its parentsis
interpreted as the probability that v; is acceptablegiven that par; is acceptable
Thus instead of representing support or attack by pluses and minuses, degree of
support is represented by conditional probability distributions. If consistency and
acyclicity conditions are satisfied, non-local degrees of support can be gleaned
from the joint probability distribution defined over all variables.

2[Bench-Capon, 2003].
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Note that Bench-Capon argues that the evaluation of an argument may depend
on accepted values.?” In our example, the evaluation of the argument depends on
whether health is valued more than property, in which case property argument A
may not defeat health argument A, or vice versa. These value propositions can
be modelled explicitly in the network, so that, for example, A, depends on value
proposition ‘health is valued over property’ aswell asargument A 5.

In sum, relations of support behave analogoudly to causal relations and argu-
ments are recursive structures; these two observations motivate the use of recur-
sive Bayesian networks to model arguments. This leads usin turn to the question
of how to characterise the concept of an abstract recursive network. In the next
two sections we explore this question in the context of input-outputor information
networks

9 Sdf-Fibring Networks: Overview

This section shows how our recursive network approach fits within amore general
concept of substituting one network inside another (referred to as self-fibring of
networks).

We will focus attention on information networkswhich are directed acyclic
graphswhoseroots are inputs whose leaves are outputsand whose arrowsindicate
the flow of information from input to output. Thusif we have

.
W

then we propagate the input from ¢; into ¢. If V(x) is the value at node z, then
we need a propagation function f yielding V(t) = f(V(¢1),...,V(t,)). Note
that there may be aconstraint ¢(¢1, . ..,t,) ontheinputs: only if a set of value of
inputs satisfies ¢ will those values be admissible.

In Bayesian networks, the arrows correspond to causal direction rather than to
the flow of information. But an applicationof a Bayesian network can be con-
strued as an information network as follows. When a Bayesian network is applied,
the values of a set of variables are observed. These variables are the inputs. They
are instantiated to their observed values in the Bayesian network, and this change
is propagated around the network, typically using message-passing algorithms, 2

27[Bench-Capon, 2003, Section 5.
[ Pearl, 1989].
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until the probabilities of further variables of interest (the outputs) can be ascer-
tained. Thusin message-passing a gorithms information flows from the inputs to
the outputs via the arrows of the Bayesian network, though not normally in accor-
dance with the direction of the arrows in the original Bayesian network. Suppose
for instance that Figure 26 is the graph of a Bayesian network, that the value of
B is observed and that the probability of C' isrequired. Then in determining the
probability of C, information flows from B to C' along the pathways between B
and C' of the original Bayesian network graph, as depicted in Figure 27.

Figure 26. The graph of a Bayesian network.

Figure 27. The graph of a corresponding information network.

Notethat in general the information network is only a schematic representation
of the flow of information: in fact in Bayesian network message-passing propaga:
tion algorithms, messages are passed in both directions along arrows, two passes
are made of the network, and in multiply connected graphs such as Figure 26
propagation takes place in an associated undirected tree-shaped Markov network
formed from the Bayesian network.?® In singly-connected Bayesian networks
though there is a fairly close correspondence between information network and
flow of messages.

The question now arises as to how information networks can be self-fibred
i.e. substituted oneinside the other.

2gee[Lauritzen & Spiegelhalter, 1989.
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There are several options for self fibring. We explain them briefly here and the
full definitions comein the next section.

Let B(X) beanetwork with node X init. Let A be another network. We want
to define C = B(X/A), anew network which is the result of substituting A for X.

Already at this stage there are several viewsto take.

View 1. Syntactical Substitution

Regard the operation at the syntactical level. Define C syntactically and give it
meaning / semantics/ probabilities derived from the meanings of B and A.

View 2: Semantic I nsertion

Look at the meaning of B and then define what B(X/A) is supposed to be. Here
the substitution is not purely syntactic. For example, if B is a Bayesian network
where the node X can take two values O, 1 then if X is O we substitute (in a
certain way) Ao for X andif X is1we substitute A, (thisisthe approach takenin
Section 3). The “substitution” need not be actual substitution but some operation
Ins(X, B, A) inserting A; at the point X inside B.

So for examplein logic we can have

Ins(X,X —» B,C) ¥ (X » C) > B.

Thusin this case
Ins(X,B(X),C) =B(X/X — C).

More complex insertions are possible for Bayesian nets. We could convert in
the above case the semantic inversioninto asyntactic one by splitting each variable
Y in the net into two variables Y, (for Y = 0) and Y; (for Y = 1). We discuss
such manipulationsin the next section.

To study our options and to illustrate the ideas of self fibring we begin with a

simple two point network
O——®

Theinput givesvalueto A and thisis propagated to B, using the function f.
We now give severa interpretations for this asimplication.

Interpretation 1

The above represents a substructural implication A — B. The semantica in-
terpretation for the substructural — is via evaluation into an algebraic semigroup
(S, 0, €e), where o isabinary associative operation and e is the identity.

If thewff A — B getsvaluet and theinput A get avalue a then B gets value
b=toa.
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Here the network function f can be taken as the function
Az fi(x) = Az(t o z).

Interpretation 2

Thisinterpretation is the modus ponensin a Labelled Deductive System. Therule
hasthe form
a: A, B:A— B, p(B,a)
f(B,a): B

Its meaning is that if we prove A with label o and A — B with label 5 and (3, «)
satisfy the enabling condition ¢, then we can deduce B with label f (5, «).

The Dempster-Shafer rule is a specia case of this. The Dempster-Shafer set
up alows for certainty values for A, B, A — B, to be closed intervals of real
numbers. Thusif A has valuein thereal closed interval [a, b] and the implication
A — B hasvalueintheinterval [c, d], then B has valuein the interval

ad+bc—ac bd
[, 8] o e, d] = { 1—k ’l—k]
withk = a(1 — d) + ¢(1 — b).
The side condition ¢ is ¢([a, b], [c,d]) isthat k # 1. Thus to interpret the
labelled implication in our network we need to add ¢ to the link.

D@

and we have:
Axf g (z) = Aaf (B, ).

Interpretation 3

Intuitionistic formulas astypes. A, B, A — B are understood as A calculus types
having A termsinhabiting them. We read

as a network, which for any term ¢ of type A, given as input, the network outputs
the f(t) term of type B.
Thus f isof type A — B.
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Interpretation 4
We can regard

as a causal Bayesian network. The variable A can take states a1, . . ., a; and the
variable B can take states b4, . .., b, then the table f must give the conditional
probability P(B|A), giving the probability p;; of B beingin the state b;, given A
isin the state a;. We must have p;; = 1.
J
Thematrix is
P11 Pim
P=: :
Pkl Pkm
If ¢; isthe probability of A beinginthestate a;, (Xq; = 1) then the probability
of B beinginthestateb; isr; = Xp;;q;.

The logical interpretations (1)—(3) alow us to give meaning to self fibred net-
works where we substitute a network within a network. We have the options here
of syntactical substitution (view 1) or semantical insertion (view 2). Our paper
chooses semantical insertion, where we have oneinsertion for X = 1 and another
for X = 0. In the flattening, the insertion makes X a parent to all nodes in the
substituted network.

Thediagram below shows how thisworksforB(X) = X — CandAg = A —
B.

For the case X = 0 we get the network

andforthecase X = 1, we get
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where X — A meansthat X connectsdirectly to al elementsin A.
We can adopt a view closer to that of logic and have no insertion if X = 0
and yesinsertion in case X = 1 of asingle network. The simplest cases are the

following:
@

and

In thefirst case we took the network

O—©

and substituted for X the network

WD——®
The second case is similar.

The question is what meaning do we give to these fibred networks?
Let us consider thefirst case

(@@

The machinery of

O—©

is to accept inputs - of a certain kind at the node X and output g(x) at node C.
By letting X = A — B wemust ask: What isthe input we are getting for X ? We
can say the obvious answer is that the input is f. We now have to check whether
f isof the kind that can be accepted in our network.

Let us check.
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Interpretation 1
Here f can beidentified with an element ¢ of the semigroup. So it is OK.

Interpretation 2
Here f can beidentified with alabel. So againit is OK.

Interpretation 3

Here f isaA-termof type A — B. Tobe OK we say X (accepts elements) of type
A— Bandgisoftype(A — B) — C. Soagainwe are OK.

Interpretation 4

Here A is aprobability distribution for the states of A and f isamatrix of condi-
tiona probabilities. We have to deal with that! First let us simplify and say both
A, B aretwo state variables A = 0, A = 1, B = 0, B = 1. Even with this simpli-
fication, still fisa2 x 2 matrix P. It alows for many states not just two. Thisis
not exactly right.

What are our options?

Option 1

Allow for new kinds of inputsfor our variables. Thisoptioniscomplicated because
of repeated iteration of fibring. We will not pursueit.

Option 2

Extract from the new input (the matrix) a recognisable input for X in X — C,
(i.e. atwo state input). This method is what we usually do in the area of fibring
logics. We need a fibring function F that will extract two states, yes or no, out of
the matrix P. Thefunctionis asfollows;

e yesif B dependson A inany way

e noif not.

In other words, we read X as avariable getting 1 if the network substituted for it
is“on” or “active” and O if it is not on.
So for exampleif the matrix is

¢ 170)
p 1-p

p 1-p
(,1-1q) =(p,1-p)
p 1-p

and thus the probability of B isindependent of that of A.

we get
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We can talk about the probability of B being independent of A, etc.

Say wehavefor0 <e<1-—1p
P 1-p
p+e 1l—p—c¢

(pg+(1-qgp+(1-qe,(1-pg+(1-q)(1—p)—(1-qle)=
(p+(1-qle,(1-p)—(1-qe).

@)

Thevariationis2:(1 — q) < 2e. So we can give a probability for e = 0 or e # 0.
We leave this aspect for a moment and discuss the other possibility of fibring,

O O——®)

Here we substitute a network

for thevariableY in

O—0O

The first three interpretations will cope with this very well, because the output of
g can modify the f, asthey are of the same kind. Can we do something similar in
the probabilities case? We again have several options:

1. Wecanread Y as avariable getting 0, 1 values indicating whether the net-

work

isonor not. Thevalue of Y is obtained in the network
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OO

2. The second option is to use the network up to Y to modify the network
which we substitute for Y. %0

We notethat g isamatrix and sois f. Should we modify f by multiplying it by
g and set something like

©
®

How would this relate to the network:

Let us check
OO,
has the matrix
p, 1—p1
p2, 1—po
and

30|n case of neural networks this is the more reasonable option.
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O—F

has the matrix
(’Yl: 1_71>
Y2, 1_’)/2
gfis
m l-m P 1-P
Y2 1= P, 1-P
)

(%pl + (1 =y)p2, MmA—=p)+A=7)(1 —pz)>

Yelpr + (1= 7y2)p2, Y2(1—p1) + (1 —7)(1—p2)

Thiswould interpret

O—AD—@)

m O
c > A > B
We prefer the first option.

Let us now see what to do with networks of the form
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Can we read the — asimplication? The answer is yes for the first three “logical”
interpretations. We read it as
(A,B) = C

or
A®B = C

where ® isacommutative binary operation. It is the multiplicative conjunctionin
linear logic and is the ordinary conjunction in intuitionistic logic. We havein case
of logic that:3!

(A®B—>C)=(A—->(B—->0C)=(B—-(A—-0))

This does not hold in the Bayesian network case. As defined in Section 2 we need
afunction giving a probability value for C, for each pair of possible values (z, )
for A, B).

We till need to give meaning to

(=00

and

Thefirst is obtained by substituting the network

31For the Dempster—Shafer rule we calculate [a, b] ® [c, d] as [a, b] o [¢, d].
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for X in

and the other in

The principles we discovered still hold. In the first case the fibring function
gives X values 0,1 depending whether we believe in the connection between
A, B,C. i.e thenetwork is“on” or not.

The second case would require modifying the network of A, B, C by using the

network

Thesimplestisto take option 1. Thevaluex = 1 meansthe network with A, B, C
is“on” and otherwiseit is not.

In any case, the kind of choices we have to make are clear! There is alot of
scope for fine tuning. For example we can look at

(W

as afamily of networks of the form

O—E—0©

using the probabilities in the substituted network (fix A ;, j # 4 as 0,1) to decide
on priorities.
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10 Self-Fibring Networks: Theory

The aim of this section is to present a general theory of networks and fibring of
networks, in order to put our work into perspective. We begin with an example.
Figure 28 shows atypical network.

@

Figure 28.

The nodes of the network is the set S = {d,s,t,r,e}. We consider d as
the input point and e as the output point. The arrows represent connections be-
tween nodes. This is a binary relation R C S2. In Figure 28 we have R =
{(d,r),(s,7),(t,7),(t,e),(re),(rr),(d s)}. Thelabelsl decorate the connec-
tions. So let 7 be a function from R into a set of labels L. In Figure 28 we have
L={l,...,l;}andr((d, 7)) = l1,...,7((t,e)) = l7. In addition the nodes are
coloured by a colouring function (values which we call colours) giving valuesin
some space ). ThusV (t), V(d), ... arethe coloursof the nodes. In Bayesian nets
for example, V (¢) is aprobability.

We also require afamily of propagation functionsIF, giving valuesin the space
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Q of the form below and such that the following recursive equation holds:
V(t) = F(tv (Tl,v(ml)), (TZ, V(l‘z)), EEEE (Tna V(l'n)))

wherez, ..., z, aredl theparentsof ¢ (i.e al z; suchthat (z;,¢) € R), 7; isthe
label of (z;,t) and V (z;) arethe coloursof the nodes x ;, respectively. Note that F
can operate on any number of variables, i.e. n can be arbitrary.

We perceive the colouring to propagate along the network using the arrows,
the labels and the function F. In case the network has cycles, we expect V' to be
implicitly defined by FF.

The network in Figure 28 can be interpreted in several ways.

1. It can be interpreted as a map, where the nodes are towns, the labels are
distances and the colours are some heuristic numbers to aid some search
function(e.g. the labels can give the aeria distance from a central point).
We may require the graph to be acyclic. ThefunctionF can givethe average
distance of the parent nodes from the current node.

2. The network can be Bayesian, in which case we requireit to be acyclic. We
also require any point ¢t # d to either have a parent # d (i.e. for some z,
(z,t) € R,z # d) or to have d alone as a parent. We forbid d itself to have
parents.

Thusd isadummy point (d = T) showing the nodes without parentsin the
rest of the network. The function F would be the conditional probabilities
of anode on its parents.

3. The network can be a neural net with 7,V different weights on the nodes
and connections, and F some meaningful averaging function.

4. The network can be describing a flow problem with = giving capacities, V/
giving retention and IF is the obvious function summing up the flow.

We now give aformal definition of a network.
DEFINITION 6. A network hasthe form

N = (S’ R7 d7 e? T7 V7 L7 ]E" Q)

where S is the set of nodes. d,e € S are the input and output nodes. (We may
have severd i.e. d;, e;.) T isalabelling functionr : R — L. Lisaset of labels, V
isacolouring functionon S (range of V' isin §2) and IF is a function giving some
valuein the space (2 to any finitelist of theform (¢, (V1,01), ..., (Va,1,)) and the
followingisrequired to hold for any ¢t € S and z; suchthat (z;,t) € R.

o V(1) = F(t,(V(21),7((x1,1)), ..., (V(2n), (2n,t)))) where z; are all
the parents of ¢.
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DEFINITION 7 (Fibring function). LetF be apropagation family for states S and
labels L with values in the space €. Then afunction F giving a new propagation
functionfor any triple (V,1;,F),i = 1,...,niscaled afibring function. We write
F as
F: (V, lz,F) — FV,li-
so F is defined for any set of labels.
Notethat n isvariable.

We now need to make some distinctions about fibring of network within net-
works. We give some additional examples.

EXAMPLE 8 (Refinement). Consider a network which isamap

O

Figure 29.

So @may be Durham and @)is Edinburgh. Say the label [ is the number of
heavy trucks per day one can push through from @xo ¢) We can try and define this
map by putting in for @another network, say E which is the map on Edinburgh.
Thisis substituting the actual sorting networksin the UK.

A third simpler example is when @and )are days and we can refine them into
hours, see Figure 30

Figure 30.

EXAMPLE 9 (Cut rulein logic). We get fibring/substitution of networks when
we consider versions of the cut rule in Labelled Deductive Systems. We give a
simple case. Assume our datais alist of formulas, and our language contains —
only. Thusfor example, we may have thelist of Figure 31. We can perform modus
ponens between any X — Y and X, provided X isimmediately to its right and
the result Y replaces(X — Y, X) in the list. Thisway of doing modus ponens
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A— (B—C0), /A, B
Figure 31.

characterises the one arrow Lambek CalculusHow would cut work? Suppose we

have aproof of A inFigure 32
X A, /(
\A

Figure 32.
We can simply substitute the sequence or net for A to get Figure 33

A—-(B—-C), XA, X,
A

e

B —>C

N

c

Figure 33.

Suppose now that X — Y means a version of strict implication.
e |f X holdsnext day then Y holds next day.

The sequence
A— (B—C(C),AB

can still be reduced to C' but we must keep count of the days.
Consider

C—->EA— (B—C),AB

We can get Figure 34 in the Lambek Calculus.
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C—~E A—(B-—CO), A, B

\BEV
/

Figure 34.

E

This will not work in the modal strict implication meaning of — because we
must follow Figure 35:

[ ] [ ] [ ] [ ]
C—E, A—(B—(), A, B
[ ] [ ]
B—=C
[ ] [ ] [ ] ®
c
Figure 35.

C — E is 3 daysaway from C. We need something like T — (T — (C —
E)).

Thus the network substitution of (X — A, X) into (4 — (B — (), A, B)
should be different in the strict implication case.

It should give the result in Figure 36

[ ] [ ] [ ]
A-»B—-C) X B
XA
Figure 36.

To summarise: (X — Y, X) isreplaced by (V) in the Lambek Calculusand is
replaced by (-,Y") inthe strict implication logic.
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Thus the network substitutions corresponding to these logics are as follows:

Let
Nl = ($1;~-~a$nay7217~-~72m)
N2 = (ul,"'auk)

then the Lambek substitutiors:
Ni(y/No) = (T1,- oy Tpy Uty ooy Uhy 21y -« s Zim)-

and the Strict substitutions
(whenk=n+1)

Ni(y/N2) = (1 Aty ..., AlUp,Unt1, 21, - - Zm)

If & # n, add Tsto the beginning of the shorter one to make them equal and then
substitute.

The moral of this example is that if the networks represent some logic, then
optionsfor fibring networks represent options for the cut rule in the logic.

REMARK 10. We need to prepare the ground for the general definition of fibring

which will follow.
Assume N; and N\, areasin Figures 37 and 38

ONY
O—

Figure 37.

We have several optionsin substituting V> for ¢!, using afibring function F. The
most straightforward oneisto replacet' by N> and redirect all arrows cominginto
t' and connect them to all input points d of A;. Similarly &l arrows coming out
of ¢* will now come out of every output point e of A>.

Figure 39 shows the result.

Thefunction F+? isthe same as F* on nodesfrom A/; and is the fibred function
]F%,(ltl)’l%ﬁlé obtained by applying F to IF2.

Variations can be obtained by changing I and/or by changing the input output
points or > beforefibring. So thisis quite ageneral definition. The basicideais



Recursive Causality in Bayesian Networks and Self-Fibring Networks 215

Figure 38.

n

\
i
T
®

/
\
1 O

Figure 39.

that the ‘environment’ of ¢! (namely V'1/¢!) and al labels of connectionsleading
into and out of ¢!) change the fibring function F? of the substituted network N
into F(F?).

Problems may arise if either A/; and A5 have nodes in common or if ¢! is
connected to itself. This can cause more than one arrow to occur between two
points. For this reason these situations are excluded. To see why this can happen,

imagine we substitute
ozd
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into

@Dlz

where t is both the input and output points. We get by definition the network

llgmlz

NOTATION 11. If Ny, N, isdescribed using — and ¢! isin A7, we can indicate
fibring by substituting A/ for ¢! and using —» to connect into and out of \/5.
Thefibring function F is suppressed.

Here is an example for our notation:
EXAMPLE 12. Example of network using —:

We use — as a specia connection between anode X and a network A.
If A isthe network above and — means that we — connect with every nodein
the network than X — A meansin this case

Arrows coming out of A into Y are not drawn.

We now conclude with a general definition:
DEFINITION 13. Let N; = (S",Ri,d;l,e;;,r",Vi,Li,IE‘i,Q") fori = 1,2, be
severa networks based on the same set S of nodes (i.e. S* C S) and sets L and
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Qe L CLOCQ). Assume S' N S? = @. Let F be afibring function
and let t' € S' beanode such that (¢',¢*) ¢ R' and let [} be al the labels of

nodesin \; leading into or coming out of ¢'. We define the one step fibred system
Ni2 = Ni(t'/N>) asfollows:

1. §12 = (S'US?) — {t'}.

2. R = (R'UR* U {(z,d})|(z,t") € R'} U{(ef,p)l(t",y) € R'}) —
{(z,y) € Rtz =ttory = t'}.

3. {d}*} = {d}t* # d}} U {d3|t" isaninput point}.
4. {e;®} = {el|t! # el} U {e}|t! isan output point}.
5 71%((z,y)) = e 7'((z,y)) if 2,y € S" and (z,y) € R"*

o 7?((z,y)) if (z,y) € R™ andz,y € S?
o r!i((z,t!))ifx € S,y € S?, (x,y) € R
ol ((tt,y))ifz € 8%,y e St and (x,y) € R

6. Q12 =0uQ?
7. LY =L'UL?

8. F'? is defined as F(V'(t'),1},F*) where [; are al the labels from other
nodesin S* leading to ¢! and labels of nodesin S* into which ¢! leads. We
assume F is such that F** = F' on pointsin S'. Thisis possible since we
assumed S' N S?% = 2.

11 Conclusion

The moral of this paper is this. recursive structures are rife and benefit from ex-
plicit modelling. If causality is to be modelled then it is not aways enough to
rely on Bayesian networks, for these fail to model recursive structure. Recursive
Bayesian networks can be used, however, and these admit joint distributionsjust as
do non-recursive Bayesian networks. Analogously structural equation models can
be extended to recursive structural equation models. Recursive Bayesian networks
can al so be applied to non-causal domains, such as argumentation. A very general
type of recursive input-output network, called a self-fibred information network,
extends these models and admits interesting applications in logic, where arrows
are interpreted as implication. 3233

32Further results on argumentation networks and on fibring neural networks can be found in[Gabbay
& Woods, 2003], [Barringer et al., 2003] and [Garcez et al,, 2003)].
33We thank David Glass for many helpful comments.
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