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(54) Titlee COMPLEX ADAPTIVE SYSTEMS

(57) Abstract:  The present
invention relates to a complex
adaptive system which

comprises an intelligent
software system for controlling
behaviour in an application
domain, the intelligent software
system being deployed in an
environment and being adapted
to receive evidence from various
sources in the environment, to
learn from the evidence, and
to modify the behaviour in

order to adapt to changes in the
environment.  Also disclosed

is a method for operating
the complex adaptive system
and computer-readable media
storage instructions for carrying
out the steps of the method of

operating the complex adaptive
system.
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Complex adaptive systems.

FIELD OF INVENTION

The present invention relates to complex adaptive systems.
BACKGROUND TO INVENTION

A complex adaptive system is a complex system that can learn from and adapt to
a dynamically changing environment. A complex adaptive system is
characterized by complex behaviours that emerge as a result of interactions
among system components and the environment. Such a system interacts with
its environment by learning from and modifying its behaviour in order to adapt to
changes in its environment. Gell-Mann (1994) describes the following common

feature of all complex adaptive systems:

a complex adaptive system acquires information about its
environment and its own interaction with that environment,
identifying regularities in that information, condensing
those regularities into a kind of “schema” or model, and

acting in the real world on the basis of that schema.

Open distributed environments, such as the Internet, place a growing demand on
complex systems to be adaptive as well. The uncertainty in these environments

is mostly due to the behaviour of other complex adaptive systems such as users

browsing web pages, the behaviour of buyers and sellers on the Internet and the
behaviour of autonomous agents bidding on behalf of persons in Internet
auctions.

It is an object of the invention to suggest a novel complex adaptive system.
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SUMMARY OF INVENTION

According to the invention, a complex adaptive system comprises an intelligent
software system for controlling behaviour in an application domain, the intelligent

software system being deployed in an environment and being adapted to
5 (a) receive evidence from various sources in the environment;
(b) learn from the evidence; and

(c) modify the behaviour in order to adapt to changes in the

environment.

Also according to the invention, a method of operating a complex adaptive

10 system includes the steps of

(a) deploying in an environment an intelligent software system for

controlling behaviour in an application domain; and

(b) adapting the intelligent software system for receiving evidence from
various sources in the environment, for learning from the evidence;
15 and for modifying the behaviour in order to adapt to changes in the

environment.

Yet further the invention relates to computer-readable media storage instructions
for carrying out the steps of the method of operating a complex adaptive system

as described herein.
20 The intelligent software system may be a Bayesian network.
The environment may be a distributed environment.
The environment may be an open environment.
The environment may be the Internet.

The Bayesian network may comprise
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(@)  nodes representing variables of interest;
(b)  node components for implementing and administering the nodes;

(c) links connecting a first node and a second node and representing

dependencies among the variables of interest;
(d)  link components for administering the links; and

(e) belief propagation components for propagating beliefs of the

Bayesian network.

The Bayesian network may reside within a component framework having
communication queues for implementing the links, and providing an infrastructure
for the node components, the link components and the belief propagation

components.

The links may be directional links from the first node to the second node whereby

the first node is a parent node and the second node is a child node.

A belief propagation component may be provided for each communication

queue.

The node components, the link components and the belief propagation

components may be re-usable components.

The node components, the link components and the belief propagation

components may be components of a component architecture.

The component architecture may be selected from the group comprising Sun’s
Enterprise JavaBeans™ and Microsoft's DCOM (Distributed Component Object
Model).

The node components may be identical node components but created for

different nodes.
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The link components may be identical link componenté but created for different
links.

The belief propagation components may be identical belief propagation

components but created for different communication queues.
The learning may be incremental.

The system may comprise a database administered by the node components

and the link components.
The database may comprise a topology of the Bayesian network.

The belief propagation components may communicate with each other directly
via the communication queues by means of tags and indirectly via data in the
database.

The various sources may be selected from the group comprising user-input data,

data-sources and sensor data.

The tags may be simple messages controlling belief propagation.
The variables of interest may comprise a set of states.

The set of states may be a finite set of mutually exclusive states.
The states may be determined by the evidence.

The dependencies may represent informational dependencies among the

variables of interest.

The dependencies may represent causal dependencies among the variables of
interest.

The dependencies may be given in terms of conditional probabilities of states

that a child node can have given the states of a parent node.

The conditional probabilities may be tabled in conditional probability matrices.
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The system may comprise one conditional probability matrix per node.

The link from the parent node to the child node may be an incoming link of the

child node and an outgoing link of the parent node.

The node components may receive evidence, maintain record of occurrences,
maintain conditional probability matrices, and learn from evidence received from

the various sources.

The belief propagation components may collectively find a most probable

explanation (MPE) for the Bayesian network given the evidence.
The conditional probability matrices may be stored in the database.
The database may be distributed.

The propagating of beliefs may be localized for the parent node, a child node and

the corresponding link between the parent node and the child node.
The node components may interface with the environment.

Each belief propagation component may administer the belief of the parent node

and the parent’s child node.

The belief propagation components may only communicate with belief

propagation components of the parent node’s links and the child node’s links.

The learning may occur by updating the conditional probability matrices of the

nodes in response to evidence.

The conditional probability matrix of a node may be updated by the node

component of the specific node.

The belief propagation components may calculate ~’s and A’s for a parent
node, a child node and a connecting link as in Judea Pearl’'s message passing
algorithm.

The system may comprise no centralized control of the belief propagation.
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The system may comprise control of the belief propagation and which control is
distributed between the belief propagation components.

Each node component corresponding to any node X may maintain and

administer:
5 (8)  a conditional probability matrix (CPM) for node X;

(b) a prior probabilities vector z(x) as defined in Judea Pearls

Message Passing Algorithm;

(c) a likelihood vector A(x) as defined in Judea Pearl's Message

Passing Algorithm;
10 (d) history of occurrences for each state of node X;
(e) latest evidence received for the states of node X;
(f) a list of incoming links to node X;
(g) alist of outgoing links from node X;
(n)  the name of node X, and
15 (i) a list of the states of node X.
Each link component corresponding to any link XY may maintain and administer

(a) 7y (x) as defined in Judea Pearl's Message Passing Algorithm;
(b) Ay (x) as defined in Judea Pearl’'s Message Passing Algorithm; and

(c)  synchronization flags.

20 Each node component corresponding to any node X may maintain and

administer

(a) z(x) as defined in Judea Pearl’'s Message Passing Algorithm; and
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(b)  A(x) as defined in Judea Pearl’'s Message Passing Algorithm.

The synchronization flags may be used by the belief propagation components to
synchronize calculation of products of z’s or A’s of links having a common

parent node or a common child node.
5 The synchronization flags may comprise

(a) a Pl-flag for keeping track if the link component corresponding to

link XY has calculated 7, (x) or not; and

(b) a LAMBDA-flag for keeping ftrack if the link component

corresponding to link XY has calculated 1,(x) or not.

10 Messages communicated on the communication queues may be simple tags.

The tags may comprise Pl-tags and LAMBDA-tags for determining the direction

of propagation of tags in the Bayesian Network.

If the Bayesian network is in learning mode, the evidence received from the
environment may be added to history data, and the conditional probability table is
15 updated, and if the Bayesian network is in query mode, no learning may take

place, but the evidence is taken into account during belief propagation.

As soon as a belief propagation component receives a tag, the belief propagation
components may identify the queue it received the tag on, in order to determine
which link the queue corresponds to, and once the link is known to the belief
20 propagation component, it may create the necessary link components and node

components.

The Pl-tag may trigger calculation of the link's 7z, and if all the child node’s
incoming links have calculated their link z's, then the child node’s = may be

calculated.
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As soon as the child node’s z is updated, Pl-tags may be sent to the queues
corresponding to its outgoing links, where-after the belief propagation component

may go into a wait state, listening for the next tag to arrive on its queue.

The LAMBDA-tag may trigger the calculation of the link’'s 1, and if all the parent
node’s outgoing links have calculated their link 1's, then the parent node’'s 4

may be calculated.

As soon as the parent node’s 1 is updated, LAMBDA-tags may be sent to the
queues corresponding to the parent node’s incoming links. If it is a node without
any incoming links, Pl-tags may be sent to the queues corresponding to the
parent node’s outgoing links, where-after the belief propagation component will

go into a wait state, listening for the next tag to arrive on its queue.

Each belief propagation cycle may be a two-phase process, which is activated as

soon as a set of evidence is received from the environment.
The two-phase process may comprise

(a) propagation of LAMBDA-tags from nodes without any outgoing links in
the direction of predecessor nodes through the network gathering

evidence from the environment; and

(b)  thereafter flow of Pl-tags from nodes without any incoming links in

direction of children nodes, gathering a priori information.

The LAMBDA-tag may cause propagation of LAMBDA-tags in the direction of
predecessor nodes, except if the parent of the link is a node without any
incoming links, then the direction will be reversed and Pl-tags will be propagated

in the direction of the child nodes.

The Pl-tag may cause propagation of Pl-tags in the direction of child nodes,

except if the child node of the link is a node without any outgoing links.

Each Pl-tag received on a queue representing link XY;, may trigger the following

processing steps:
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(@)

(b)

()

(d)

(e)

(9)

(h)

(i)

9

creation of a link component corresponding to the link XY}, as well as
node components corresponding to nodes X and Yj;

using the node component interfaces to:

a. determine the names of the parent node (X) and the child node (Y;)
of this link;

b. retrieve a list of the names of all links that have the same parent as
this link, namely all the other outgoing links of the common parent
node;

c. retrieve a list of the names of all links that have the same child as
this link, namely all the other incoming links of the common child

node;

for each of the other outgoing links of the parent node X, creation of a
link component;

retrieval of 4, (x),k=1.mk=j;

calculation of the product of these link 1’s, namely H}tyk(x);
' ks j

retrieval of the belief of node X, namely BEL(x);

calculation of an(x)=BEL(x)Hlyk(x), by using the product of 1's

k=j

calculated in step (d);

setting of ﬂ,j(x) and the corresponding Pl-flag to indicate that this link

has now calculated its = ;

testing if the other incoming links of child node Y; have calculated their

's yet;
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() if this link is the last link to calculate its 7, the = for child node Y; is

calculated by:

a. setting a flag that will indicate to the link component to clear all the
Pl-flags for all the incoming links to node Y; in order to be ready for

5 synchronization in the next belief propagation cycle;

b. for each of the other incoming links of the child node Yj, creation of

a link component;

c. retrieval of z,,(v,).i=1..p, where V4,V,...V, are the parents of the

incoming links of node Y;;

V4
10 d. calculation of the product of these link 7 ’s, namely H;ryj(vk);
k=1

e. creation of a node component for child node Y;j;

f. calculation of the product of the conditional probability matrix and

the product of the incoming link z’s, calculated in step d giving

)4
z2(y;)= 2. P;|v,sv,)] [ 7y, () swhich is updated;
=]

VVp k

15 g. obtaining a list of names of all the outgoing links of this child node;
and placement of a Pltag on the communication queue

corresponding to each of these link names.

Each LAMBDA-tag received on a queue, representing link XY; may trigger the

following processing steps:

20 (@) creation of a link component corresponding to the link XY;, as well as

node components corresponding to hodes X and Yj;

(b)  using the node component interfaces to:
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(d)

(e)

(f)

(9)

(h)

11

a. determine the names of the parent node (X) and the child node (Y))
of this link;

b. retrieve a list of the names of all links that have the same parent as
this link, namely all the other outgoing links of the common parent
node;

c. retrieve a list of the names of all links that have the same child as
this link, namely all the other incoming links of the common child

node;

for each of the other incoming links of the child node Y;, creation of a

link component and retrieval of ﬂyj(v,.),i =1l..p (where V4.V, are the

parents of the other incoming links of Y;) and calculation of the product
P

of the link z’s, namely ]z, (v,);
k=1

creation of a node component for child node Y; and determination child

node’s A(y;);

multiplication of A(y;) with the conditional probability matrix and the

product of the incoming link z’s calculated in step (c)

p
giVing/lyj(x) = Z Ay;) Z P(y; Ix’v19v2"'vp)Hﬂ‘-Yj(vk) ;
y; Vi) k=1

setting ﬂ,,/(x) and the corresponding LAMBDA-flag to indicate that this

link has now calculated its 1;

testing if the other outgoing links of parent node X have calculated their
A’s yet;

if this link is the last link to calculate its A, the A for the parent node X

can now be calculated by:
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setting the LAMBDA-flag that will indicate to the link component to
clear all the LAMBDA-flags for all the outgoing links from node X, in
order to be ready for synchronization in the next belief propagation

cycle;

for each of the other outgoing links of the parent node X, creation of

a link component and retrieval of Ay; (%), ] =1..m;

calculation of the product of these link 1’s giving /’t(x)=Hle (x)
Jj=1
which is updated;

obtaining a list of the names of all the incoming links of this parent
node, and placement of a LAMBDA-tag on the communication

queue corresponding to each of these link names; and

if node X has no incoming links, then get a list of names of al the
outgoing links of this parent node, and placement of a Pl-tag on the

communication queue corresponding to each of these link names.

15 The node component corresponding to any node X may comprise the following

20

25

component interfaces:

(@)  aninterface for initialising or resetting node X;

(b) node Bayesian network structure interfaces for enabling access to the

topology of the Bayesian network;

(c)  conditional probability matrix interfaces for enabling access to node X's

conditional probability matrix and for performing calculations on the

conditional probability matrix as defined in Judea Pearl's Message

Passing Algorithm;

(d)  node belief calculation interfaces for allowing access to z(x), A(x) and

BEL(x); and
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(e)  environmental interfaces for enabling interaction with the environment.

The node Bayesian Network structure interfaces for a node component

corresponding to any node X may comprise component interfaces for:
(a)  enabling access to the name of node X ;
5 (b)  retrieving of the number of states of node X;
(c) retrieving a list of descriptions of the states of node X;
(d) retrieving a list of the incoming links of node X; and
(e) retrieving a list of the outgoing links of node X.

The conditional probability matrix interfaces for a node component corresponding
10 to any node X may comprise component interfaces for:

(a) setting the conditional probability matrix of node X;
(b) retrieving the conditional probability matrix of node X;

(c) multiplying the transpose of the conditional probability matrix of node X
with an input array;

15 (d)  multiplying the conditional probability matrix of node X with an input

array.

The environmental interfaces for a node component corresponding to any node X

may comprise interface components for:
(a) setting the observed evidence for node X;

20 (b)  setting node X to “unobserved”, namely that no evidence was observed
for this node; and

(c)  retrieving evidence for node X.
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The node belief calculations interfaces for a node component corresponding to

any node X may comprise interface components for:
(@) retrieval of z(x);
(b)  setting 7(x);
5 (c) retrieval of A(x);
(d) setting A(x);
(e)  retrieval of node’s belief, namely BEL(x).

The link component corresponding to link XY may comprise the following

component interfaces:
10 (a) aninterface for initialising or resetting link XY;

(b) = link Bayesiah Network structure interfaces for enabling access to
topology of the Bayesian network;
|
(c) - link belief calculation interfaces for allowing access to ﬂyj(x)and

\, Ay (%) ; and

15 (d[); synchronization interfaces used by the belief propagation components
/: ~ for synchronizing calculation of products of z's or A’s of sibling links.
! /,
The} Lir)k Bayesian network interfaces for a link component corresponding to any

I;r(k XY may comprise component interfaces for:
(@)  retrieving the name of the parent node (X);
‘20 (b)  retrieving the name of the child node (Y),

k\(C) retrieving of a list of the other outgoing links of the parent node (X);

and
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(d) retrieving a list of the other incoming links of the child node (Y).

The link belief calculation interfaces for a link component corresponding to any

link XY may comprise component interfaces for:

(a) retrieval of 7, (x);

5 (b) setting 7z, (x);
(c) retrieval of 4, (x); and
(d) setting 4,(x).

The synchronization interfaces for a link component corresponding to any link XY

may comprise component interfaces for:

10 (a) setting flag to indicate that 7, (x) for this link has been calculated,;

(b) retrieval of flag that indicated if 7, (x) for this link has been calculated or

not;

(c) setting flag to indicate that 1, (x) for this link has been calculated; and

(d) retrieval of flag that indicates if 1,(x) for this link has been calculated or

15 not;

(e) retrieval of a flag that indicates if all the incoming links of a node have

calculated their link z’s yet;

(f) setting a flag that will cause the link component to clear all the Pl-Flags of
all the child node’s incoming links — ready for the calculation of the next

20 product of z’s;

(g) retrieval of a flag that indicates if all the outgoing links of a node, have

calculated their link 1’s yet; and
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(h) setting a flag that will cause the link component to clear all the LAMBDA-
flags of all the parent node’s outgoing links — ready for the calculation of

the next product of 1's.
BRIEF DESCRIPTION OF DRAWINGS

5 The invention will now be described by way of example with reference to the

accompanying schematic drawings.
In the drawings there is shown in:

Figure 1 Implementation of a complex adaptive system in accordance with

the invention;

10 Figure 2 Propagation of z’'s and A’'s in a network, as described by Diez
(1996);

Figure 3 Component diagram of a node component of a complex adaptive

system as shown in Figure 1;

Figure 4 Component diagram of a link component of a complex adaptive

15 system as shown in Figure 1;

Figure 5 A state diagram of a belief propagation component shown in Figure
1;

Figure 6 A Bayesian Network of a fictitious model of the browsing behaviour

of users visiting an electronic bookstore website;

20 Figure 7 The results of belief propagation in the presence of evidence of the
Bayesian network shown in Figure 6;

Figure 8 A reference mode! for component-based concepts according to

Bachman et al;
Figure 9 A further diagram of the Bayesian network shown in Figure 6;

25 Figure 10 Yet a further diagram of the Bayesian network shown in Figure 6;



10

15

20

WO 03/007101

Figure 11
Figure 12

Figure 13

Figure 14

Figure 15

Figure 16

Figure 17
Figure 18

Figure 19

Figure 20

Figure 21

Figure 22

Figure 23
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JMS queues for the links shown in Figure 9;
Components for the Bayesian network of Figure 6;

Output of the J2EE server on start-up of the Bayesian network

shown in Figure 6;

Beliefs in the absence of evidence of the Bayesian network shown

in Figure 6;

Output of a client setting evidence in order to query the Bayesian

network shown in Figure 6;

First part of output trace of the belief propagation components in

response to evidence presented to it in Figure 15;
Second part of the output trace of Figure 16;
Third part of the output trace of Figure 16;

Beliefs of the nodes after belief propagation with evidence and no

learning of the Bayesian network shown in Figure 6;

Output of a client presenting evidence (that must be learnt) to the

Bayesian network shown in Figure 6;

Results after belief propagation in the presence of evidence as

presented in Figure 20;

New beliefs of the Bayesian network shown in Figure 6, after
learning and in the presence of no evidence from the environment;

and

Screen dump of the output of personalise Web-page of the
Bayesian network shown in Figure 6.
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DETAILED DESCRIPTION OF DRAWINGS

- Referring to Figure 1, the implementation of a complex adaptive system in
accordance with the invention is shown. The complex adaptive system comprises
an intelligent software system for controlling behaviour in an application domain,

5 the intelligent software system being deployed in an environment and being

adapted to
(a) receive evidence from various sources in the environment;
(b) learn from the evidence; and

(c) modify the behaviour in order to adapt to changes in the

10‘ environment.
The intelligent software system is a Bayesian network which comprises
(a) nodes representing variables of interest;
(b) node components for implementing and administering the nodes;

(c) links connecting a first node and a second node and representing

15 dependencies among the variables of interest;
(d) link components for administering the links; and

(e) belief propagation components for propagating beliefs of the

Bayesian network.

The Bayesian network resides within a component framework having
20 communication queues for implementing the links, and providing an infrastructure
for the node components, the link components and the belief propagation

components.

The algorithm of a complex adaptive system according to the invention is
described hereafter. (In the specification hereinafter the expression “leaf node” is

25 intended to  refer to “node  without any outgoing links”,
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and the expression “root node” is intended to refer to “node without any incoming
links”.)

The node and link components administer and ensure persistence for the z's
and 1’s, beliefs and conditional probability matrices for the underlying Bayesian
Network nodes. The node components provide interfaces to beliefs about the
current environmental states, as environmental evidence is presented to the
node components as soon as it occurs. As soon as evidence is received from the
environment, the history data is updated, and the conditional probability matrices

are incrementally updated (learning).

The belief propagation components are identical components, listening on
different communication queues, corresponding to the links of the Bayesian
Network links. These components propagate beliefs amongst themselves as in
Judea Pearl's message passing algorithm. They communicate with each other
through simple tags, as well as through data in a database administered by the
node and link components. Using only the belief propagation, link and node
components, a distributed Bayesian Network is assembled that learns from the
environment and is queried by competence agencies to determine which

component behaviours must be activated next, given the environmental states.

The competence agencies are application clients, each querying the beliefs of a
set of node components and activating one or more component behaviours,
depending on the beliefs of the queried node components. Each behaviour
component executes a particular behaviour, and queries the states of one or

more node components in order to use the beliefs in the particular behaviours.

There are three re-usable Bayes components that can be assembled into
distributed Bayesian Networks. These components, together with a set of
behavioural components specific to the problem domain, can be used to
assemble complex adaptive systems, incrementally learning from the
environment and activating component behaviours depending on environmental

states.
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The calculations in the Bayes components are based on Judea Pearl’'s message

passing algorithm.

In a singly connected Bayesian network, that is a network without loops, an
arbitrary node X divides the evidence into that connected to its causes e* x (prior
evidence) and that connected fo its effects ¢ x (observed evidence). A link XY
divides the evidence into the evidence above the link, e"xrand the evidence

below the link, e~ xr. The messages propagated in a network, as described by

Diez (1996), are defined in equations 1-5, and illustrated in Figure 2.

The summarized effect on the belief of X by prior evidence e*, the prior

probabilities vector is given by:

m(x)=P(x|e*x)= ZP(x| Wy Wy pers W, )ﬁﬁx (w;) (1)
1

Wy Wy seee Wy i=

Summarized effect by diagnostic (or observed) evidence, e™, on our belief of X,

the likelihood vector.
Ax)=Ple x| x)=] A, @)
J=

Summarized effect of evidence above link XY;is given by:

7y, ()=Pe xr, =a@[ [ 4y, (%) (3)

ksj
Summarized effect of evidence below link XY;is given by:
Y4
Ay, W=PE x, 10=2 | 2;) X, PO, 159 [7r, 00) (4)
Yi ViseVp k=1
where Vj,...,V, are causes of Y; other than X.
The belief of node X is:
BEL(x)= P(x|e)=an(x)A(x) (5)

where o =[P(e)]™" is a normalization constant to be computed after finding z(x)

and A(x).
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Node Component

The component diagram for any node X is given in Figure 3.

The node component maintains and administers:
e the conditional probability matrix (CPM) for node X;

o the prior probabilities vector z(x) (see equation 1);
¢ the likelihood vector A(x) (see equation 2);

¢ history of occurrences for each state;

o the latest evidence received for the states of the node;

e a list of the incoming links to the node;

e alist of the outgoing links to the node;

e the name of the node, as well as a list of the states of the node.

In Figure 3, the interfaces are grouped into four groups, namely the Bayesian
Network structure interfaces, the conditional probability matrix interfaces, the

belief calculation interfaces and the environmental interfaces.

The Bayesian Network structure interfaces enable access to the name of the
node that the component administers, retrieval of the number of states of this
node, a list of descriptions of the states and a list of the incoming links and the

outgoing links of this node.

The conditional probability matrix interfaces enable access to the conditional
probability matrix, and using these interfaces, calculations can be performed on

the conditional probability matrix or its transpose (see equations 1 and 4).
The belief calculation interfaces allows access to 7(x), A(x) and BEL(x) (see
equations 1, 2 and 5).

The environmental interfaces enable interaction with the environment. If learn
flag is true, the evidence received from the environment is added to the history

data, and the conditional probability table is updated. This is an incremental
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learning process. If learn flag is false, no learning takes place, but the evidence is
taken into account during belief propagation. This form of evidence setting is

done when “what-if” queries are executed against the Bayesian Network.

Link Component

The component diagram for link component XY, is given in Figure 4. The link

component maintains and administers nyj(x) (see equation 3), ﬂyl(x) (see

equation 4) and synchronization flags (PIFlag and LAMBDAFIag).

The Bayesian Network structure interfaces enable access to the name of the
parent node and child node of the link that the component administers, retrieval
of a list of the other outgoing (sibling) links of the parent node as well as retrieval

of a list of the other incoming (child) links of the child node.
The belief calculation interfaces allows access to nyj(x)and Ay (x) (see
equations 3 and 4).

The synchronization interfaces are used by the belief propagation components to

synchronize the calculation of products of z’s or 1's of sibling links. The PlFlag
keeps track if link XY; has calculated 7y, (x) or not, and the LAMBDAFIlag keeps

track if link XY; has calculated 1, (x) or not.

The alllncomingPlsCalculated interface enables access to a flag that indicates if
all the siblings of this link, that are also incoming links of this link’s child node,
have calculated their link z's yet. As soon as this flag is true, the product of z's
of all the incoming links of the child node can be calculated. As soon as this
product is calculated, the setincomingPlFlags interface is used to set
setlncomingPIsFlag in the link component to true. As soon as this flag is set, the
link component will clear all the PIFlags of all the child node’s incoming links and
then set setincomingPlsFlag to false again — ready for the calculation of the next

product of 7z’s.

The allOutgoingLAMBDAsCalculated interface enables access to a flag that

indicates if all the siblings of this link, that are also outgoing links of this link's
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parent node, have calculated their link A°‘s yet. As soon as this flag is true, the
product of A’s of all the outgoing links can be calculated. As soon as this product
is calculated, the setOutgoingLAMBDAFlags interface is used to set
setOutgoingLAMBDAsFIag in the link component to true. As soon as this flag is
set, the link component will clear all the LAMBDAFIags of all the parent node’s
outgoing links and then set setOutgoingLAMBDAsFIlag to false again - ready for

the calculation of the next product of 1's.

Belief Propagation Component

Bayesian etwork links are implemented using communication queues, one for
each link in the network. Each communication queue has a belief propagation
component listening on it. The messages communicated on the communication
queues are simple tags — LAMBDA tags or Pl tags. These tags determine the
direction of propagation in the Bayesian Network. Figure 5 is a state diagram for
a belief propagation component that illustrates the processes triggered by these

tags.

As soon as a belief propagation component receives a tag, it first identifies the
queue it received the tag on, in order to know which link in the Bayesian Network
the queue corresponds to. Once the link is known to the belief propagation
component, it creates the link and node components needed to access the

underlying Bayesian Network information.

A PI tag will trigger the calculation of the link's #. If all the child node’s incoming
links have calculated their link z’s, then the child node’s = is calculated. As soon
as the child node’s = is updated, Pl tags are sent to the queues corresponding to
its outgoing links if it is not a leaf node. The belief propagation component will

then go into a wait state, listening for the next tag to arrive on its queue.

A LAMBDA tag will trigger the calculation of the link's 4. If all the parent node’s
outgoing links have calculated their link A’s, then the parent node’s 4 is
calculated. As soon as this node’s 1 is updated, LAMBDA tags are sent to the
gueues corresponding to the parent node’s incoming links if it is not a root node,

otherwise Pl tags are sent to the queues corresponding to its outgoing links. The
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belief propagation component will then go into a wait state, listening for the next

tag to arrive on its queue.

Each belief propagation cycle is a two-phase process, which is activated as soon
as a set of evidence is received from the environment. The propagation of
LAMBDA tags upwards from the leaf nodes through the network gathers
evidence from the environment, followed by the flow of Pl tags downwards from
the root nodes, gathering a priori information. A LAMBDA tag will cause
propagation of LAMBDA tags upwards in the direction of predecessor nodes,
except if the parent of the link is a root node. In this case, the direction will be
reversed and PI tags will be propagated towards the children nodes. A Pl tag will
cause propagation of Pl tags in the direction of children nodes, except if the child

of the link is a leaf node.

In the next two sections, the processes triggered by the different tags are
described in more detail. These processing steps must be studied in conjunction
with Judea Pearl’'s message passing algorithm as well as the link and component

diagrams in Figures 3 and 4.

Handling Pl tags

Each PI tag received on a queue representing link XY;, triggers the following

processing steps:

1. Create a link component corresponding to the link XY,

a. Use the getParent and getChild node component interfaces to
determine the names of the parent (X) and the child node (Y;) of
this link.

b. Use the findOtherParentLinks interface to retrieve a list of the
names of all siblings of this link that have the same parent as this
link — in other words, all the other outgoing links of the parent
node. The returned list of links will be {XY1, XYz ... XYi.1, XY}
oo XY m}



WO 03/007101

10

15

20

25

C.

PCT/1B02/02645

25

Use the findOtherChildrenLinks interface to retrieve a list of the
names of all siblings of this link that have the same child as this
link — in other words, all the other incoming links of the child node.
The returned list of links will be {V1Yj, ...VpYj}

2. For each of the other sibling links that are outgoing links of the parent

link X, create a link component and use the getLAMBDA interface to

retrieve 4, (x),k=1..m. Calculate the product of these link A's, namely

[14

k#j

@

3. Use the getBelief interface to retrieve the belief of node X, namely

BEL(x), and calculate ﬂyj(x)=BEL(x)H/1},k(x), using the product of

k+j

A’s calculated in the previous step. Note that this equation differs from

(equation 3) in that BEL(x)is used instead of z(x).

4. Use the link component for link XY; to:

a.

set ﬂfyj(x) using the interface setPl. Use the setPIFlag interface
to set the flag to indicate that this link has now calculated its 7.

Test if the other incoming sibling links have calculated their 7's

yet, by accessing the allincomingPlsCalculated interface.

If this link is the last link to calculate its =, the 7 for child node Y;
can now be calculated. Use the interface setlncomingPIFlags to
set a flag that will indicate to the link component to clear all the
PlIFlags for all the incoming links to node Y;j— ready for the next

belief propagation cycle.

i. For each of the other sibling links that are incoming links of
the child node Y, create a link component and retrieve

my;(v,),i=1..p, using the getPl interfaces of these link

components. Calculate the product of the link 7’s.
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ii. Create a node component for child node Y; and use its
multiplyTransposeCPM interface to calculate the product
of the conditional probability matrix and the product of the
incoming link 7z’s, calculated in the previous step. The

result is z(y;) which is updated using node component

Yj's setPl interface.

iii. If node Y; has children nodes, then use node component
Yj's getOutgoingLinks interface to get a list of names of al
the outgoing links of this child node. Place a Pl tag on the
communication queue corresponding to each of these link

names.

Handling LAMBDA tags

Each LAMBDA tag received on a queue, representing link XY, triggers the

following processing steps:

1.

2.

Create a link component corresponding to the link XY;.

Use the getParent and getChild node component interfaces to
determine the names of the parent (X) and the child node (Y;) of this
link.

Use the findOtherParentLinks interface to retrieve a list of the names of
all siblings of this link that have the same parent as this link — in other
words, all the other outgoing links of the parent node. The returned list
of links will be {XY4, XYz ... XYj1, XYji1 ... XYm}.

Use the findOtherChildrenLinks interface to retrieve a list of the names
of all siblings of this link that have the same child as this link — in other
words, all the other incoming links of the child node. The returned list of
links will be {V1Y}, ...V, Y}
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5. For each of the other sibling links that are incoming links of the child

node Y;j, create a link component and retrieve 7, (v,),i=1...p. Calculate

the product of the link z’s.

6. Create a node component for child node Y; and use the getLAMBDA

interface to determine child node’s A(y;). Use the multiplyCPM to

calculate the product of A(y;)and the conditional probability matrix.

Multiply this product with the product of the incoming link z’s calculated

in the previous step. The result is ﬂyj(x).

7. Use the link component for link XY; to:

set ﬂyj(x) using the interface setLAMBDA. Use the

setLAMBDAFlag interface to set the flag to indicate that this link
has now calculated its 1.

Test if the other outgoing sibling links have calculated their 1’s
yet, by accessing the allOutgoingLAMBDAsCalculated interface.

If this link is the last link to calculate its 1, the 1 for parent node
X can now be  calculated. Use the interface
setOutgoingLAMBDAFlags to set a flag that will indicate to the
link component to clear all the LAMBDAFlags for all the outgoing

links from node X, ready for the next belief propagation cycle.

i. For each of the other sibling links that are outgoing links of
the parent node X, create a link component and retrieve

Ay ;(x),j =1..m. Calculate the product of the link A’s. The
result is A(x) which is updated using the setLAMBDA

interface.

ii. If node X has parent nodes, then use parent node X's
getincomingLinks interface to get a list of all the incoming
links of this parent node. Place a LAMBDA tag on the
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communication queue corresponding to each of these link

hames.

iii. If node X has no parent nodes, then use parent node X's
getOutgoingLinks to get a list of names of al the outgoing
5 links of this node. Place a Pl tag on the communication

queu.e corresponding to each of these link names.

The belief propagation components collectively propagate beliefs given the
current environmental state. This is a continuous process of sending tags on
message queues representing the Bayesian Network topology. These tags
10 trigger the revision of the belief of each node given the environmental states. The
node components incrementally learn from environmental states by keeping
history data and updating the conditional probability matrices in response to
evidence received from the environment. The node and link components provide
interfaces that are accessed and updated by the belief propagation components
15 during belief propagation.

The belief propagation components collectively ensures that the underlying
Bayesian Network always reflects the current environmental states as belief

propagation continuously gathers all environmental evidence.

Depending on the beliefs of the node components, component behaviours can
20 be activated in response to evidence from the environment. These actions
become part of dynamic interaction with the environment.

The Bayes components are collectively observed to be intelligent. Their
intelligence emerges from the interaction between the belief propagation, link and

node components, and between the node components and the environment.

25 Bayesian Network

A Bayesian Network is a directed acyclic graph that consists of a set of nodes
that is linked together by directional links. The nodes represent variables of
interest. Each variable has a finite set of mutually exclusive states. The links
represent informational or causal dependencies among the variables. The
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dependencies are given in terms of conditional probabilities of states that a node
can have given the values of the parent nodes (Dechter, 1996) (Pearl & Russel,
2000). Each probability reflects a degree of belief rather than a frequency of
occurrence. A Bayesian Network can either be singly-connected (without loops)
or multiply-connected.

Notation:

o Variables are denoted by upper-case letters, e.g. (X,Y,2), and the states
of variables in lowercase, for example (X=x,Y=y,Z=z), also shortened as

(x.y,2)

o Sets of variables are represented by bold-face uppercase letters, e.g.
(X.Y,2)

e P(X=x) represents the probability that X=x, also shortened as P(x)

e P(X=x]Y=y) is the conditional probability that X=x, given that Y=y, also
shortened as P(x|y)

To each node X there is attached a conditional probability matrix P = {P(X |
pa(X))} and where pa(X) represents the parents of X.

For example for variable X with set of states {x4, X2 ... Xn} and Y with set states

{V1, ¥2,... Y¥n}, the conditional probability matrix P(y|x) represents the conditional

probability of Y given X as follows:

Py |x1) P(y, lxl) v Plyn le)

Pyl - P<y1:1x2> POy 1) - POnl)

P(y1 1 %m) P(y, |%m) o POyp[%m)
For a set of variables Z = (Z4, Z> ....Z,) represented by a Bayesian Network, the

network represents a global joint probability distribution over Z having the product

form

P(Zla--'zn)=H?=1P(Zi | pa(z;)) (6)
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A variable can be observable or latent. A latent or hidden variable is a variable of

which the states are inferred but never observed directly.

Figure 6 illustrates a Bayesian Network based on the user-words aspect model
proposed by Popescul, Ungar, Pennock & Lawrence (2001). This network
models the relationship between users (U), the contents of browsed web pages
characterized in terms of concepts (C), and products bought from these pages
(P). This simple model includes three-way co-occurrence data among two users,
two products and two concepts.

The users are represented by u € U = {mathematician (m), rugby player(r)}, the
products by p € P = {book authored by Michael Jordan on neural networks (nn),
book authored by Michael Jordan on basketball (bb)} and the concepts inferred
from the web pages the users viewed by ¢ e C = {statistics(st) , sport(sp)}. The
users (U), products (P) and concepts (C) form observations (u, ¢, p), which are

associated with a latent variable class (Z).

This simple model have two latent classes, z € Z = {class1(cT), class2(c2)}. In

Figure 6, the conditional probability matrices are shown next to their nodes.
The example Bayesian Network represents the joint distribution:
P(u,z,c, p) = Pu)P(z|u) p(c| 2)P(p|2) (7)

From (6) and (7) it can be seen that the global distribution is described in terms
of local distributions. Pearl & Russel (2000) refers to equation (6) as the “global
semantics” of a Bayesian Network, and further describes the “local semantics”,
which asserts that each variable is independent of its nondescendants in the

network given its parents. For example, in Figure 6,
P(c|u,z)=P(c|2) (8)

The localized nature of Bayesian Networks as well as its local semantics makes

this technology ideal for distributed implementation.
Using Bayes rule, an equivalent joint distribution for (7) is given by

P(u,z,c, p) = P(2)P(u| z)P(c| 2)P(p | 2) @)
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The joint distribution over users, contents and products is given by

P(u,c, p) =) P(2)P(u|2)p(c|2)P(p|2) (10)

In a changing environment, some variables can have values that change over
time. In dynamic Bayesian Networks, multiple copies of the variables are
represented, one for each time step (Pearl & Russel, 2000).

Bayesian Learning

Bayesian learning can be described as the calculation of the conditional
probability matrices from observations from the environment over a given time

period.

There are different conditions that can influence Bayesian learning. The structure
of the Bayesian Network can be known or unknown and the variables can be

observable or hidden.

If the structure of the Bayesian network is known, and all the variables are
observable, then the values of the conditional probability matrices are easy to
calculate. If the structure is unknown and all the variables are observable, then
the learning problem involves a search through the possible structures to find the
structure that represents the data best, followed by the updating of the

conditional probability matrices.

Algorithms for the case of a known structure and hidden variables include a local
gradient-descent learning algorithm (Russel, Binder, Koller & Kanazawa, 1995)
and the EM algorithm (Russel, 1998).

Popescul et al. (2001) illustrated the EM algorithm applied to their three-way
aspect model. Applied to our three-way aspect model illustrated in figure 1, these

calculations will be as follows:

Let n(u,c,p) be the number of times that a user u, interested in concepts c,
bought product p. This can be calculated from n(u,c,p) = n(u,c) x n(c,p), where
n(u,c) is the number of times that a user u accessed web pages containing

concepts ¢ and n(c,p) = the number of times product p was bought by users



10

15

20

25

WO 03/007101 PCT/1B02/02645

32

interested in concepts c. In the EM algorithm, a local maximum is found for the
log likelihood L of the data (Popescul et al., 2001), which is:

L= Zn(u,c,p) log P(u,c, p) (11)

u,c,p
where P(u, ¢, p) is given by equation (10).

Belief Propagation

Belief Propagation is the process of finding the most probable explanation (MPE)
in the presence of evidence (e) from the environment. Dechter (1996) defines

the MPE as the maximum assignment x in

max . Px)=max, | [ PG| pa(x),e) (12)

The overall belief in the proposition of X =xsupported by all evidence (e¢)
received so far is denoted by BEL(X = x) = BEL(x) = P(x | e) where e denoted the

total evidence available. BEL(X) indicates the set of all beliefs for node X.

Belief propagation is NP-hard (Dechter, 1996). Judea Pearl developed a
message-passing algorithm for singly connected networks (Carnegie Mellon
University, 1991). This algorithm was extended to general multi-connected
networks by different researchers. Three main approaches exist, namely Judea
Pearl’'s cycle-cutset approach (also referred to as conditioning), the tree-
clustering approach and the elimination approach. The cycle-cutset and tree-
clustering approaches work well only for sparse networks with small cycle-cutsets
or clusters. The elimination approach is based on non-serial dynamic
programming algorithms, which suffer from exponential space and exponential
time difficulties. Dechter combined elimination and conditioning in order to

address the problems associated with dynamic programming.

The belief propagation algorithms for general multi-connected networks generally
have two phases of execution. In the first phase, a secondary tree is constructed.
This can for example be a “good” cycle-cutset used during conditioning (Becker,
Bar-Yehuda & Geiger, 2000) or an optimal junction tree used by tree-clustering
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algorithms (Jensen, Jensen & Dittmer, 1994). In the second phase, the
secondary tree structure is used for inference. Becker et al. argue that finding a
“good” cycle-cutset is NP-complete and finding an optimal junction tree is also
NP-complete (Becker & Geiger, 1996). A number of approximation algorithms
were developed to find the secondary trees, as in (Becker et al.) (Becker &

Geiger).

It is possible to use the original tree during belief propagation. Diez (1996)
describes a conditioning algorithm that uses the original Bayesian network during
belief propagation and detects loops using the DFS (Depth-First Search)
algorithm.

Figure 7 illustrates the results of belief propagation in the presence of evidence.

Node C, the evidence node, is circled. The new beliefs updated during belief
propagation are indicated on nodes P, Z and U. In the presence of the evidence,
namely that a user is interested in statistical concepts, the belief that he will be
interested in a book on neural networks authored by professor Michael Jordan
rises from 0.46 to 0.54.

Component-based software engineering

Component-based software engineering uses component-based design
strategies. A design strategy can be viewed as an architectural style consisting of
high level design patterns described by the types of components in a system and
their patterns of interaction (Bachman et al., 2000). Bachman et al. illustrated and
defined a reference model for component-based concepts, illustrated by Figure 8

and summarized below.

A component (1) is a software implementation that can be executed on a
physical or a logical device. A component implements one or more interfaces that
are imposed on it (2). By doing this, the component satisfies certain obligations,
called a contract (3). These contractual obligations ensure that independently
developed components obey certain rules so that components can interact (or

not interact) in predictable ways, and can be deployed into standard run-time
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environments (4). A component-based system is based upon a small number of
distinct component-types, each of which plays a specialized role in a system (5)
and is described by an interface (2). A component model is the set of component
types, their interfaces, and additionally, a specification of the allowable patterns
of inferaction among component types. A component framework (7) provides a

variety of runtime services (8) to support and enforce the component model.

Hopkins (2000) defines a component as follows:

A software component is a physical packaging of
executable software with a well-defined and published
interface.

In the current UML specification, UML1.4 (UML Revision Task Force, 2001), a
component is described as follows:
A component represents a modular, deployable, and

replaceable part of a system that encapsulates
implementation and exposes a set of interfaces.

Hopkins further identifies the engineering drivers in the development of a

component-based system as:

e Reuse: The ability to reuse existing components to create a more

complex system

e Evolution: A componentized system is easier to maintain. In a well-
designed system, components can be changed without affecting other

components in the system.

Components publish their interfaces and communicate with each other within
component models such as Microsofts DCOM (Distributed Component Object
Model), the Object Management Group’s CORBA (Common Object Request
Broker Architecture) and Sun’s Enterprise JavaBeans.

Prototype Implementation

Prototype belief propagation, node and link components were implemented as
reusable components using Sun’'s Enterprise JavaBeans™ component

architecture.
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Figure 9 illustrates a Bayesian Network that is a fictitious model of the browsing
behaviour of users visiting an electronic bookstore website. This network models
the relationships between the type of user that browses the site (A), their
interests (B), the sequence of hyperlinks that they clicked to access the pages

5 (C), content categories of all the pages on the website (D), the information
content of the advertisements on the web pages (E), the pages they view (F), the
pages that they will visit next (H) and the buying behaviour per page (G). Each of
these nodes represents emergent behaviours, with a few example states. Our
example website have hyperlinks to the following pages:

10 Page 2: books by professor Michael Jordan on graph theory and probability
theory;

Page 3: books by / related to Michael Jordan, the well-known basketball
player,;

Other Page: any other page on the website.
15 The hyperlink paths to these pages are:

Path 1: Engineering and Science — Mathematics — Graph Theory — Page
1&2;

Path 2: Engineering and Science — Mathematics — Probability and

Statistics —» Page 1 & 2;

20 Path 3: Computers and Internet — Artificial Intelligence — Machine

Learning — Neural Networks — Page 2;

Path 4: Computers and Internet - Programming — Software Engineering

— Algorithms — Page 1 & 2;
Path 5: General Interest — Sports and Adventure — Basketball — Page 3.

25 Table 1 gives the conditional probability matrix associated with node B.
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Table 1: Conditional Probability Matrix for Node B InterestCategory

P(B:InterestCategory | A:UserProfile)

B: A:UserProfile

Interest Computer Software Basketball
Category Engineer | Mathematician | Scientist Engineer Player
Graph Theory 0.1 0.25 0.1 0.2 0.01
Statistics 0.2 0.34 0.1 0.1 0.01
Machine 0.1 0.1 0.25 0.1 0.01
Learning

Neural 0.3 0.2 0.25 0.2 0.01
Networks

Algorithmé 0.25 0.1 0.25 0.3 0.01
Basketball 0.05 0.01 0.05 . 0.1 0.95

In this simple model, buying behaviour (G) depends on the current page that is
being browsed (F), and the categories of interest of a particular user (B), which in
turn depends on the user profile (A). For simplicity, users are profiled on their
profession only. The website contents can be categorized into content categories
(D), which are distributed between different pages (F). In order not to clutter the
diagrams, only a few content categories are indicated next to node D. The choice
of a page (F) depends on how well its contents matches the content categories
(D) that the user is looking for and how well the content categories were
advertised to the user (E). The hyperlinks to the pages (C) are related to the
content categories (D) that a user is looking for. The relationship between the
current page (F) that is being viewed and the next page (H) that will most

probably be browsed next is also modeled in this network.

The belief in the absence of evidence is indicated next to each of the nodes in
Fig 9. For example, the beliefs of the user profile node (A) indicate that
mathematicians and basketball players browse this site with equal probability of
0.125. The beliefs of the hyperlink paths node (C) indicate that Path 5 will most
probably be chosen (0.5) and the beliefs of the content categories (D) indicate
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that the basketball category is most likely to be searched for (0.3). The beliefs of
the page node (F) show that the Michael Jordan (the well-known basketball
player) page will most probably be viewed (0.44). The beliefs of the
advertisements node (E) show that the advertisements that led the user to this
page were informative with a probability of 0.7. The beliefs of node (G) show that
the probability that a user will buy a book when visiting a page is 0.35. The
probability that a user would be interested to view books by Michael Jordan (the

professor) next is 0.2.

Figure 10 illustrates the results of belief propagation in the presence of evidence.
A mathematician that browses a website listing books on Bayesian Networks by
Judea Pearl is most probably interested in statistics (0.34), graph theory (0.25)
and neural networks (0.2). He would have chosen hyperlink path 4 with the
highest probability (0.28) in order to search for algorithms related to his field if
interest. He will buy a book from this page with a probability of 0.55. The
probability that this user will be interested to view books by professor Michael
Jordan next has now risen to 0.6 and the probability that the advertisements were

informative has now increased to 0.74.

Bayesian Network Configuration

The configuration of the Bayesian Network was done manually. The JMS queues
for the links in Figure 10 were created using the j2eeadmin tool, as illustrated in

Figure 11.

In Figure 12, the components for the Bayesian Network in Figures 9 and 10 is
given. The NodeBeanJAR contains the node component, and the LinkBeanJAR
contains the link component. The BeliefPropagationAgentJAR contains the belief
propagation components, where XYAgent is the belief propagation component
listening on JMS queue XY. Figure 9 shows the assignment of the belief
propagation components (“agents”) to the JMS queues, using the J2EE

deployment tool.
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Figure 13 shows the output of the J2EE server on startup, with the belief
propagation components listening on the JMS queues representing the Bayesian
Network topology.

Figure 14 displays the beliefs of the Bayesian Network in the absence of
evidence. These beliefs are also illustrated in Figure 9.

Bayesian Network Querying

Figure 15 displays the oufput of a client setting evidence in order to query the
Bayesian Network. In this mode, the node components do not learn from the

evidence presented to them.

Figures 16 to 18 is the output trace of the belief propagation components, in
response to the evidence presented to it in Figure 15 above. This evidence is

also illustrated in Figure 10.

Figure 19 shows the beliefs of the nodes after belief propagation with evidence

and no learning (compare with Figure 10).

Bayesian Network Learning

Figure 20 displays the output of a client presenting evidence to the Bayesian
Network. In this mode, the node components learn from the evidence presented
to them, namely that a user that browsed Michael Jordan’s the basketball

player's page next, bought a product from the web page that he browsed before.

Figure 21 displays the results after belief propagation in the presence of the

evidence presented in Figure 20.

Figure 22 illustrates the new beliefs after learning, in the presence of no evidence
from the environment. Compare the new beliefs, with the original beliefs in Figure
14. The beliefs of nodes F, G and H have changed.

The CompetencesJAR in Figure 11 contains the competence components,

namely MarketerBean, NextPageManagerBean, HyperLinkManagerBean and
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PersonaliserBean. The competence components have interfaces to the

behaviours or actions that the competence agencies can execute.

A competence set 0,

is a tuple (C,,A4,), where C, is a set of constraints on a

I

subset of nodes and their states in the Bayesian Network, and the 4, is a set of

5 actions that must be executed if all the constraints in C, are met.

10

15

20

The competence sets for Figures 9 and 10 is as follows:

Let ® =

{®1’®2’®3’®4}

0, = {{}, {the set of actions associated with the personalization of the
web pages depending on BEL(B), BEL(D)}. This set specifies that the

specified actions must be executed unconditionally as there are no

constraints in this set;

0, = {{}, {the set of actions associated with the dynamic creation of
hyperlinks to web pages, depending on BEL(C), BEL(D), BEL(F)}}. This

set specifies that the specified set of actions must be executed
unconditionally as there are no constraints in this set;

0,= {{ BEL(E = Uninformative) >0.4}, {inform the marketing department
how informative advertisements were - BEL(E), and how it influenced
the buying BEL(G)}}. This set specifies that the specified actions must
be taken if the belief that the advertisements were uninformative
exceeded a threshold of 0.4;

0,= {{}, {the set of actions associated with the display links to web
pages that might interest the user next, depending on BEL(H)}}. This set

specifies that the specified set of actions must be executed

unconditionally as there are no constraints in this set.

25 Component behaviours were created for all possible actions that must be

executed by the agencies. Each competence agency implements a competence

set ®, = (C,,4,), where C, is a set of constraints on a subset of nodes and their
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states in the Bayesian Network, and the 4, is a set of component actions that
must be executed if all the constraints in C, are met. Each Competence Agency

consists of the node components for the nodes in the constraint set, as well as
the node components created by the component behaviours. The beliefs of the
nodes are accessed using the getBelief node interfaces, and used to test if the
beliefs satisfy al the constraints in the constraint set. If all the constraints are met,

the component behaviours can be executed.

The personaliseAgency implements competence set O, = {{},

personaliseWebPage}. It (unconditionally) calls the personaliseWebPage
interface of the PersonaliserBean. Figure 23 is a screen dump of the output of
personaliseWebPage, which in this simple example displays the beliefs of nodes
B and D, after belief prbpagation in the presence of a mathematician browsing a
website listing books on Bayesian Networks by Judea Pearl. (Note that the
probabilities are the same as in Figuré 10).
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PATENT CLAIMS

A complex adaptive system which comprises an intelligent software
system for controlling behaviour in an application domain, the intelligent

software system being deployed in an environment and being adapted to
(a) receive evidence from various sources in the environment;
(b) learn from the evidence; and

(¢) modify the behaviour in order to adapt to changes in the

environment.

A system as claimed in claim 1, in which the intelligent software system is

a Bayesian network.

A system as claimed in claim 1 or claim 2, in which the environment is a

distributed environment.

A system as claimed in claim 2 or claim 3, in which the Bayesian network

comprises
(a) nodes representing variables of interest;
(b) node components for implementing and administering the nodes;

(c) links connecting a first node and a second node and representing

dependencies among the variables of interest;
(d) link components for administering the links;

(e) belief propagation components for propagating beliefs of the

Bayesian network; and

the Bayesian network resides within a component framework having
communication queues for implementing the links, and providing an
infrastructure for the node components, the link components and the

belief propagation components.
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A system as claimed in claim 4, in which a belief propagation component

is provided for each communication queue.

A system as claimed in claim 4 or claim 5, in which the node
components, the Ilink components and the belief propagation

components are re-usable components.

A system as claimed in any one of claims 4 to 6, in which the node
components, the link components and the belief propagation

components are components of a component architecture.

A system as claimed in any one of claims 4 to 7, in which the node
components are identical node components but created for different
nodes and the link components are identical link components but created
for different links and the belief propagation components are identical
belief propagation components but created for different communication

queues.

A system as claimed in any one of the preceding claims, in which the

learning is incremental.

A system as claimed in any one of claims 4 to 9, which comprises a
database for storing conditional probability matrices and the database

being administered by the node components and the link components.

A system as claimed in claim 10, which the database comprises a

topology of the Bayesian network.

A system as claimed in claim 10 or claim 11, in which the belief
propagation components communicate with each other directly via the
communication queues by means of tags and indirectly via data in the
database.

A system as claimed in any one of the preceding claims, in which the
various sources are selected from the group comprising user-input data,
data-sources and sensor data.
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A system as claimed in claim 12, in which the tags are simple messages

controlling belief propagation.

A system as claimed in any one of claims 4 to 14, in which the node
components receive evidence, maintain record of occurrences, maintain
conditional probability matrices, and learn from evidence received from

the various sources.

A system as claimed in any one of claims 4 to 15, in which the belief
propagation components collectively find a most probable explanation
(MPE) for the Bayesian network given the evidence.

A system as claimed in any one of claims 10 to 16, in which the database
is distributed.

A system as claimed in any one of claims 4 to 17, in which the
propagating of beliefs is localized for a parent node, a child node and the

corresponding link between the parent node and the child node.

A system as claimed in any one of claims 4 to 18, in which the node
components interface with the environment.

A system as claimed in any one of claims 4 to 19, in which the learning
occurs by updating conditional probability matrices of the nodes in

response to evidence.

A system as claimed in any one of claims 4 to 20, in which belief
propagation components calculate z’s and 4's for a parent node, a child
node and a corresponding link as in Judea Pearl’s message passing

algorithm.

A system as claimed in any one of claims 4 to 21, which comprises
control of the belief propagation and which control is distributed between

the belief propagation components.
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A system as claimed in any one of claims 4 to 22, in which each link

component corresponding to any link XY maintains and administers

(a) =, (x) as defined in Judea Pearl's Message Passing Algorithm;
(b) A,(x) as defined in Judea Pearl’'s Message Passing Algorithm; and

(c) synchronization flags.

A system as claimed in any one of claims 4 to 23, in which each node

component corresponding to any node X maintains and administers

(a) n(x) as defined in Judea Pearl's Message Passing Algorithm;

and

(b) A(x) as defined in Judea Pearl’'s Message Passing Algorithm;

A system as claimed in any one of claims 12 to 24, in which the tags
comprise Pl-tags and LAMBDA-tags for determining the direction of

propagation in the Bayesian Network.

A system as claimed in claim 25, in which each belief propagation cycle
is a two-phase process, which is activated as soon as a set of evidence

is received from the environment, the two-phase process comprising

(a) propagation of LAMBDA-tags from nodes without any outgoing
links in the direction of predecessor nodes through the network
gathering evidence from the environment; and

(b)  thereafter flow of Pl-tags from nodes without any incoming links

in direction of children nodes, gathering a priori information.

A system as claimed in any one of claims 7 to 26, in which the node
component corresponding to any node X comprises component

interfaces:

(a) forinitialising or resetting node X;
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(b)  for enabling access to the topology of the Bayesian network;

(c)  for enabling access to node X's conditional probability matrix
and for performing calculations on the conditional probability

matrix as defined in Judea Pearl’s Message Passing Algorithm;

5 (d)  for allowing access to z(x), A(x) and BEL(x); and

(e)  for enabling interaction with the environment.

28. A system as claimed in any one of claims 7 to 27, in which the link
component corresponding to any link XY comprises component

interfaces:
10 (a) for initialising or resetting link XY;
(b) for enabling access to the topology of the Bayesian network;

(c) for allowing access to z,(x)and A,(x); and

(d) for synchronizing calculation of products of z’s or 4’s of other
links with either a parent node X or a child node Y.

15 29. A method of operating a complex adaptive system which comprises the

steps of:

(e) deploying in an environment an intelligent software system for

controlling behaviour in an application domain; and

(f) adapting the intelligent software system to receive evidence from
20 various sources in the environment, to learn from the evidence, and
to modify the behaviour in order to adapt to changes in the

environment.

30. Computer-readable media storage instructions for carrying out the steps

of the method as claimed in claim 29.

25



WO 03/007101

PCT/1B02/02645

1/23

r—.v__*—?__——————_—_____._ ______ —

Competence Agencies

Compefehce ¢

QUERY

Belief Propagation Components

Node
Cpmponent

Lin Cqmponent




WO 03/007101

PCT/1B02/02645



WO 03/007101

3/23

FIG. 3

PCT/1B02/02645

1=

Bayesian Network Structure

getNode o—

getNrStates o—

getStates 0—

getOutgoingLinks 0—

getincomingLinks o— -

Conditional Probability Matrix
P(x| W), Wy .eos W), )—» setCPM O0—

P(x|wy,Wy..., W, ) +— getCPM O]

lﬂx(Wi)a multiplyTransposeCPM ¢
n
> P(x| wl,wz,...,wn) 1‘[17zx(wi)
=

W Wy pee Wy

ﬂ(yj) ——>+mu|tiplyCPMo— :

 —o reset

Environmental Interfaces
«— hode state

—o0 setEvidence
0 setNoEvidence parent states
learn flag

—o0 getEvidence —» latest
evidence

Belief Calculations

—o0 getPl —» 7(x)

—o0 setPl  <«— z(x)
—o0 getLAMBDA— A(x)

—O setLAMBDA <« A(x)

—o getBelief —> BEL(x)

;t(yj)vl,zvp P(y] Ixav 9v2"°vp)

(=an(x)Ax))




WO 03/007101

4/23
FIG. 4

PCT/1B02/02645

Bayesian Network Structure

findOtherChildrenLinks o—

Synchronization

getLAMBDAFlag 0—

getParent o— .
getChild o—

findOtherParentLinks o—

setPIFlag 0—
getPIFlag 0—
setLAMBDAFlag o—j

setincomingPIFlags o—
setOutgoingLAMBDAFlags o—{
allincomingPlsCalculated o—
allOutgoingLAMBDAsCalculated 0—

reset

Belief Calculations
getPl —» ﬂ'y (%)
setPle— 7y @
getLAMBDA —» /1 (x)
setLAMBDA «— 7z‘ (x)
getStretchedPi
getShrinkedLambda




WO 03/007101

PCT/1B02/02645

5/23

Received Pl Tag

Calculate

link XY. PI:

”y dx)
J

[All incoming
link Pl's
for child Y calculated]

Calculate
child Y's Pl :

[Y not a
leaf node ?]

Send Pl tags
to Y's children
queues

Queue XYj

Wait for
Tag on

Received LAMBDA Tag

Calculate link

XY]. LAMBDA:
A

y

[All outgoing link LAMBDA's
for parent X calculated]

Calculate

parent X's

[Xis a not

i ?
a root node ?] [Xis & root node 7]

LAMBDA tags
to Y's parent
queues

REVERSE DIRECTIO
Send Pl tags
to X's children queues




WO 03/007101

FIG. 6

PCT/1B02/02645

P(Z]U)
| 1 | 2 |

0.8 0.2

P()

0.1 0.9

P(C|2) C: Content

[ st | sp |

o[5|| o7 | 03
N
o

P 0.3 0.7

P: Product

P(P1Z)

bb

0.2

0.8

LEGEND

m = mathematician
r =rugby player

¢l = class1
c2 = class2

st = statistics content
sp = sport content

nn = book on Neural Networks by Michael Jordan
bb = book on basketball by Michael Jordan




WO 03/007101 PCT/1B02/02645

7/23

U: User

0.41

V4

Z: Class

C: Content

SR RK AR
et Tatatatat ety tiy
2035 X3
250 345

r' N

P: Product




WO 03/007101 PCT/1B02/02645

8/23

3. Implements interface

and satisfies contract

1. Component
implementation

2. Component
type-specific\
interface

5 Component types

and contracts
4. Independent

Deployment 6. Component Model

| 8. Coordination services
7. Component framework  (transactions, persistence, ...)




WO 03/007101 PCT/1B02/02645

9/23

FIG. 9

Mathematician

0.1251\, A:User Profile
e
Scientist (0.25)

(0.25)
Engineer - C:HyperlinkPaths

Basketball (0.25) St
(5'?5’25 B:Interest (02) _Path1(0.1)
| Category
Graph Maghmey Path2 (0.1)

Theory Learning {0.13) 8
(0'13 ‘ Statistics Path3 (0.1)
Neural S (0.14)
Networks Basketball Path5 (0.5)

(0.22) (0.16)

D:Content , Graph Theory

Algorithms 0.05 .
(0.21) Categories %) E:Advertisements
< ‘ P H:ﬁgglks Informative
- (0.7)
Basketball :
{0.3) Uninformative
(0.3)

{0.08)

F:Page Paget:
Page2: Judea Pearl (029}
Prof Michael
Jordan (02?) PageS:

Michael Jordan
{Basketball Player)

{0.44}

True Page2: . :
G:Bu Prof Michael H:Next Page
) Y Jordan {0.2) Page1:

Judea Pearl

Other (0.19)

False
Page
(0.89) " (0.61)



WO 03/007101 PCT/1B02/02645

10/23
FIG. 10

A:User Profile athematician
(1.0)
Pathd C:HyperlinkPaths

(0.28) Path3 (0.16)

B:Interest Fath5

Category
Graph Theory
0.23) Basket Bal

Path2 (0.14)

1 (0.14
Statistics Path1 (0.14)

{0.34) (0.01)
. Algorithms
(0.1)
Machine He;;@‘ y D:Content
eaming! | g2y Categories E:Advertisements

Graph

Neural

informative (0.74)
Networks

#’%

Basketball

{0.07) Uninformative (0.26}

Page1.
Judea Pearl
{1.0)

H:Next Page
ge2: Page1:
Judea Pearl
(0.0}

Other Page
(0.45) (0.4)

Pa
Prof Michael
True Jordan (0.6)
(0.55)




WO 03/007101 PCT/1B02/02645

11/23

FIG. 11

j2eeadmin -addJmsDestination DF queue
j2eeadmin -addJmsDestination EF queue
j2eeadmin -addJmsDestination CD queue
j2eeadmin -addJmsDestination AB queue
j2eeadmin -addJmsDestination FG queue
j2eeadmin -addJmsDestination FH queue
j2eeadmin -addJmsDestination BG queue
j2eeadmin -addJmsFactory DFCF queue
j2eeadmin -addJmsFactory EFCF queue
j2eeadmin -addJmsFactory CDCF queue
j2eeadmin -addJmsFactory ABCF queue
j2eeadmin -addJmsFactory FGCF queue
j2eeadmin -addJmsFactory FHCF queue
j2eeadmin -addJmsFactory BGCF queue




WO 03/007101 PCT/1B02/02645

9 I Files
@ = Applications )
@ <> [BayesAgencies!
‘ InitRoot ;
personaliseAgency -
setEEy
nextPageAgency
DisplayBeliefs
queryBN
marketingAgency
hyperLinkagency
® (& NodeBeanJaR
@ NodeBean
® & competencesJAR
' @ MarketerBean
@& PersohalisetBean
@ HyperLinkManagetBean
@ NextPageManagerBean
¢ & UnkBeanlarR'
@ LinkBean
¢ @ peliePropagationAgentAR
@ FoAgent
'@ CDAgent
@ EFAgent
@ FHAgent
& ABAgent
@ DFAgent
& PGAgent




WO 03/007101

13/23

FIG. 13

PCT/1B02/02645

Binding
Binding
Binding
Binding

Binding
Binding

name: " java:conpsenvsejbsHodeBean
name:  javascomnpsenvsejbs/HodeBean
name: JjawsalcompsenvsejbsNodeBean
name: javaicomp/envsejbsHodeBean

-
kY
L3
13

Binding name:’ java: cnmp/enu/ams#CD
Binding name: ' java:comprenvsims FG*
Binding name: ' java:compsenvsimsFH"
Binding name:’ java:compsenusejh ModeBean ®
Binding name:’ java: cnmp/enu/egbfhlnkBean
Binding name:’ javascompsenv s jms/CDCE*

Y
L1
t
LY
[
.
z
x
"
[
[N
3

name: javaiconpsenssjns APGCE”
name s java:compsenvsjns -FHCE

Deploying message deiven bean DPFAgent .. consuming from DF

Binding name: " javaicomprenvsjmsAB"
Binding name:’ java:compsenvsjms/BG"
Binding name:’ java:compsenv/ejb HodeBean
Binding name:’ javas cnmpfenu/egh/LlnkBean
Binding name: ' javascompsenvsjns-ABCE”
Binding name:" java: comp/env/jns - BGCF*

Deploving mesgage dpiven bean ﬂBﬁgent, conzuming from AB

Binding name:
Binding name:
Binding name:
Binding name: " ]
Deploying messa

o oa oA
[ RN PR

javaicompsenvsims - AB"

ava:comp/envsejh HodeBean *

EUET cump/&nu/eghlenkBean
ava:conpsenvsjns/ABCE”

ge driven bean BGﬁgent, consuming from

BG

Binding
Binding
Bindinyg
Binding
Binding
Binding
Binding
Binding

Binding
Binding
Binding
Binding
Binding
Blndlng

Binding
Binding
Binding
Binding
Binding
Binding

Binding
Binding

Application deployment succezsful :
L.

Binding name:’ java:conp/env/jns/DE’
Binding name:’ java:compseny/jns~EF’
Binding name:’ java:comprenvsejbsNodeBean'®
Binding name: '’ java: cump#enuﬁeahﬁLlnkBean
Binding name:’ javatcomp/env/jns-DFCF"
Binding name:” java:conprenv/jms”EFCF"

Deploving message driven bean FHAgent. consuming from PH

name =
name -
name =
name =
name =
T aume =
name =
name :

Java: cnmp#enu/ams!EF

Javas cnmp/enu/gmsiFG
javaicomprsenyijns/FH®
ava:conprenysejb NodeBean®
avasz cumpﬁenu!eahKLlnkBean
ava:compsenv/ jns EFCF"
ava:compsenysjns FGCR®
Jjavacompsenuv s jms -FHCR®

L I R
ot Bt ot

Deploving message driven hean EFﬂgent, consuming from EF

name: javas cnmp/&nu/gms!DF
namne: * javaicomplenes jns<EF°

name:  jawva:compsenusejh/NodeBean *
name-:Jaua-cumpfenufeahlenkBean
name: " java:conpseny jns/DECE®
name: "~ java:conpsenv s jns EFCE”

Deploying message driven hean FGAgent. consuming from FG

name:’ java: cump/enuﬁgms#CD

namne: Jaua tcompeenys jns DF"

name : Jaua tcomprenv e jbs/NodeBean ™
name: " javas cump/enu/eah/LlnkBean
name: ~ javacompcenvsjms - CDOF ™
name: * javaconplenvsjns < DPCE"

Deploying mesgage driven bean CDAgent, consuming from GD

name = Jaua tcompsenv s jdbe<Bahe DB
name: * java:conpsenu s jdhe /BaheDB*

com.sun.ejb.containers.




WO 03/007101

FIG. 14

14/23

Initiating login ...

mesexssexBe liefs = HODE:
Engineer

Hathematician
ComputerScientist

Sof twareEnyineer

BasketballPlayer

sxmpsexeBe Lliefs = MHODE:
GraphTheory

ProbStats
MachineLearning
NeuralMetworks
Algorithms

BasketBall

wusknxnBeliefs @ MODE:
Pathd
Path2
Path3
Pathd
PathS

semxexnxBe liefs = MWODE:
EngAnd&cience
Mathematics
GraphTheory
FrobfindStats
g?mputersﬂndlnternet
MachineLearning

Programming
SoftwareEngineering
Algorithms
Generallnterest
SportAndAduy
BazketBall

ssemndxbe Liefs = HODE:
Informative
HotInformative

wuwndsPe liefs = NODE:
BayesianMetworks
HJordan{Professopr}
Hderdan{Basketball)>

sxexnnsfe liefs = HODE:
True
Falze

wxnundxBe liefs = MODE:
JudeaPearl
HJordan{Professopd
MJordan{BasketBallX»
OtherPage

Binding name:’ java:compsenvsejb/NodeBean’

A : User Profile

B.25
A.125
@a.25
B.25
A.125

Interest Category
@.1325%

B.14375

@.12625

. 213750000806880002
8. 2137580000060
B.16992292992992998

Hyperlink Paths

5 oMY xa oAd EM

"oz
m&

TRIET
=W
B b

.5

Content Categories
8.8499299929999999929¢
B.84999929929299299%

LB42999999999999%¢9

LB49999999299990G

- B

.82

. B2

.84

.84
.84

B8

«B999992999999992998

A9 IIFIIIIEIVE

B.299999292999292993

DEEEREE DR R R

Advertisements
8.3

Page
H.28089286AR9Y5B21

B.276089281629743072
8.44380R322000%86%6

Bu
@?35312531311861@3
B.6468739868813878

Mext Page
@.18901 75784899392
g.ﬁmn??435144223a?
. 61A2A8A6B0 78361

PCT/1B02/02645



WO 03/007101 PCT/1B02/02645

15/23
FIG. 15

Initiating lnqin -nm

inding name:’ java:compsenssjms/FG*
inding name:*javazcomp/envs jns/FH*
inding name: " javazcompsenv/ins<BG"
inding name: ' java:compsenvsejb/MNodeBean®
inding name:*java:conpsenvse jboLiinkBean *
inding name: " java:compsenvs jns<BGCF*
inding name:’java:compsenv/jns FGOE®
inding name:® javaicompsenvsjnsFHCF®

L ]

QUERYING BAYES BEANS

) MODE A : User Profile
Setting Bvidence for Query to @ Hathematician

FEIEICIEIENE NODE B : Interest Category
No Evidence for Query

FEIEMHIEN NODE C : Hyperlink Paths
Ho Evidence for Query

M HODE D : Content Categories
Ho Evidence for Query

I NN MODE E : Advertisements
Mo Evidence for Query

NN NODE F : Page
Setting Evidence for Query to @ BavesianMetworks

s HODE G = Buy
Ho Evidence for Query

ERIEHI I HODE H : Hext Page

Ho Evidence for Query

lavacTH> Meszage Sewvice 1.8.2 Reference Implementation Chuild bhiil
E&nding LAMBIMto gueune Jjava:compsenv/jns~BG

ending LAMBDAto gueue Java:compsenvsims/ PG
ending LAMBDAto gueuwe java:conpZenwsjms/FH




WO 03/007101
FIG. 16
MessageBean BG received a MessageLAHMBDA

HessageBean ; FG »eceived a MessageLAMBDA
MessageBean : FH w»eceived a MessageLAMEBDA
BG: LAMBDA = [

[25]
@
¥

e
=
.

|y
=
=
=]
=
=)
"
™

Can now calculate B*s LAMBDA ¢
LAMEDA = [

Gan not calculate F's LAMBDA vet ?
Gan now calculate F's LAMBDA ¥
: LAMBDA = [

Propagating LAMBDA message to AB from BG
MessageBean @ AB received a Mes*ageLﬂHBDH
F: LAHEDA = [

7.5,
6.8
6. E

Propagating LAMEDA message to EF from FG

Propagating LAMBDA message to DF from PG
MessageBean = EF received a Message LAMBDA
MessageBean : DF received a MessageLAMBDA
AB: LAMBDA = [

3.8,
g.E@EEBBEEEEBB@EBQ,
.8,

3.8,
2.9999999999999995
AB:Can now calculate fi's LAMBDA *
EF: LAMEDR = [
DF: LAMBDA : [
43 7250008080600, .
6.249975
34. 999549999999995
249975,
.2499?5,
249975,
249975,
249975,
249975,
4992975,
249975,
249975,
249975 .
L57475B080RABAGZ |
.574975D600BARAGDZ ..
574975 000088B0A0O2 ,
P:Can now calculate E's LAMBDA ¥
F:Can now calculate D's LAMEDA ¢
H LBMBDR : I

lllBBBIBEEEBBB4

@ﬁ

lmmwww:aumwmmmmmwmmmmmm

*ﬂﬁ
‘N-Q'l L]

299329992299%6.,

PCT/1B02/02645



WO 03/007101

17/23

FIG. 17

E: LAMBDBA : [

Propagatlng Pl message to AB from AR
D: LAMBDA

6.249975,

6.249975,

6249995

6.249975,

6.249975.,

6.249975,

6.249975,

43. ?25@888@899@51

34.999649999999995 ,

§.499975,

6.249975.,

6. 2499?5

6.24997

2. 5?49?5@@.@@@3@@2
2.5749750000000082 .
2.5?49?5@@@8@@@&@2,

MessageBean : AB received a MessagePl

Propagating LAMBDA message to CD from DF

Propagating Pl message to EF from EF
MessageBean : EP weceived a MessagePl

MessageBean CDh received a MessageLAMBDA
AB: PI = [

a.@.

1.4,

6.8,

g.a,

8.8,

G

an now calculate child B's PI ¢
EF: P1 =

a. ?445?4@6@214?133

a. 255425939785286??

EF: g?n n€t caleulate F's PI et 1

Propagatlng Pl message to BG from AB
Ch: LAMBDA L

6.249975,
6.2492975,
7.149975,
6.2429758886800061 .
2.25998,

MessageBean : BG received a MessagePl
C:Can now calculate G's LAMBDA ?

G: LAMBDA = [

6.249975,

6.249975,

?.14997%

6. 2499?5@@@3@@.@1

2.25998,

Prog?gat%ng PI message ta CD from CD
BG:

A.24999999929999997.
8.33999999999999297,

MessageBean : (D received a MessagePl

2.

8.1,

#.089929999992999929998,

BG: Gan not calculate G’s PI yet ?
Gh: PI L

a. 14384366??75!3452
8.14384366777503452
8.16455723878892353 .
8.28768733555086243 .
A.26008680901102384 .

Can nouw cglculate child D's PI ¢

™. T

PCT/1B02/02645



WO 03/007101

18/23
FIG. 18

D's PI = I

B.AT1221 83388751726,

B E87192183388Y51 V26,

A B 22183388751726.

0.687192183388751 726,

A.098448214867798562,

A.832911 447757784786 .
B.8327114477%°7784786
#.865822895515056%41 ,

a.\@5753746711881381. .

A.85753 796711801381 .

A.115874234228802762 .

A.85281361882218°768 .

@.052813618R2218768.

#.156848854866563684 .

Propagating PI message to DF from CD
E;ssggeﬂe?n : DF received a MesszagePl
A.08385738922966482.
B.083857IR22066482 ,
A.@838573I8922966482 .
A.B8385 73822266482,
A.10%459@7201604623 .
HB.838373160632314385
A.038373160632314385,
A.1843751A743583978 .
B.6867A85211383 73186
@B 7AR5 21138373186,
#.13417182276746373,
B.B24R85249712973356
A.80%7B3297PEEA498
@.8749572491 38920886 .

g?n 3?w c?lculate child F's PI %
0.4487391615492795
B.3941101630323268 .
B.16514812115899558.

b

Propagating PI message to FG from DF
Propagating PI message to FH feom DF

MessageBean = FG received a MessagePl
MessageBean * FH received a MessagePl
FH: PI = [

FG: PI = [

1.25.,

v o1
UL T T

L]

now calculate child H’s PI ¥
g?w c?lculate child G'=s PI *

L]
OO SEMESY I I DeERER
L I I |

“y ® 1 ®
k]

PI = [
£1249999999999
4874999999999

EROWRLEBIOOEEMER

=R -]

PCT/1B02/02645



WO 03/007101

FIG. 19

19/23

Initiating login ...

Engineer
Mathematician
ComputerBcientist
SoftwareEngineer
BaskethallPlaver

GraphTheory
ProbStats
MachineLearning
HeuralNetuworks
Algorithms
BazketBall

Pathi
Path2
Path3
Path4
Pathh

EnglindScience
Mathematics
GraphTheory
ProbAndStats
g?mputersﬂndlnternet
MachineLearning

Progranming
SoftwareEngineering
Algorithms
Generallnterest
SportAndidey
BazketBall

Infoprnative
NotInformative

BavesianMetuworks
MJdordan{Professor>
MJordan{Baskethally

sxmrnxsfe liefs
True
False

JudeaPearl
HJordan<Professorl
Mdordan{BasketBall}
OtherPage

sxxxxnxfeliefs : HODE:

sssednfe Liefs @ HODE:

wxsssenxfeliefs = NODE:

wxxxxxxBeliefs = NODE:

A

B

wwnmnsfie liefs = NODE: E

wuswnnsBPe liefs = MODE: F

: HODE: G

swxmusxnule liefs = MODE: H

Binding name:  java:compsenv/ejhsNodeBean”

Profile

Interest Category
B.24999999999990997
E.i&???????????????

1
.H8929292999999292998

perlink Paths

B.14384360 7770083452
B.14384366 777583452
B.16455723878892353
A.287687335558A0903
B.26086830981109384

8.
a.
a.
a
by

H

Content Categories
8.082359513309466833
A.68259513309466833
A.688259513309466833
6.88259513309466833
B, 183871 6584098496%
B.A37?9555193411581
B.03779555193411581
A.1928040101124178
A.866A7610647573468
B.866A701 647573468
B.1321522129514693%7
B.08246096538655 78866
B.824609653B655 78066
B.68738289615967342

Advertisements
B. 7445 740682147133
A.25542593978528677

Page
1.6
a.a
8.8
Buy

A.5481
H.451%

Hext Page

E 6

B 4

PCT/1B02/02645



WO 03/007101

20/23
FIG. 20

PCT/1B02/02645

Learning From Evidence

I IEIE NI MODE A : Userx Profile
Ho Ewidence

MM NODE B : Interest Category
Mo Evidence

FENENIEIENE HOLE ¢
No Evidence

MM HODE D
Ho Evidence

FEPEIIC WM NOLE E
Mo Evidence

Hyperlink Paths

Content Categories

fAdvertisements

RN HODE F : Payge
No Evidence

FYECTeTvIvey HODE G : Buwy
Setting Evidence to : True

I I NODE H : Hext Page
Setting Evidence to : MJordan(BaszketBall)

Cending LAMBDAto gueue java:compsenvsjms~BG
Fending LAMBDAtD gueuwe Jjava:comps/enuvsjms~FG
Cending LAMEDfito guewe Javas:compsenesjms/FH

Hava(TM>* Message Service 1.8.2 Reference Implementation <(bhuild bid>




WO 03/007101

FIG. 21

21/23

wewxnxBe Lliefs =
Engineer
HMathematician
ComputerScientist
SaftwareEngineey
BaszkethallPlayer

wnmwsxxwxfe liefs
GraphTheory
ProbhStats
MachineLearning
NeuralNetworks
Algorithms
BasketBall

wxxuxxxBeliefs =
Pathi
Path2
Path3
Pathd
Pathh

e Liefs =
EngfAndScience
Hathematics
GraphTheory
ProbfindStats

HachineLearning
HH
Programming

Algorithms
Generallnterest
SportAndAde
BasketBall

swedeBe Liefs -
Informative
Mot Informative

BayesianMetworks
MJordan(Professor
MJordan{Basketbal

wexxxfe liefs =

True
Falze

wawsnxnbe liefs »
JudeaPearl
MJordan(Professor
MJordan(BasketBal
OtherPage

E?mputersﬂndlnternet

SoftwareEngineering

Binding name:*javaicomps/envsejbsModeBean’®

HODE: A = User Profile

NODE: B

A.18749982365984136
B.11578686451 3812686

NODE: ¢

NODE: E @ Advertisements
: B.5951441098951817
= B.4048558901048182

wxxenxxBeliefs = NODE: F : Page

: #.8a
2 : 8.8
1 : 1.A
NODE: G = Buy
1.8
: B.a
HODE: H = Mext Page
: B.Aa
> : A.A8
1> : 1.8
: 8.8

8.2545166613348778
A.1328229411706412
A.25451 66613340778
@.251404721449477
A.1686853981471172558

Interest Category

= B.164745A8367924177
: B.18817135439292685Y
: B.14432472117870188
= B.2874730325691345%

Hyperlink Paths
3.1431596227164465E-4
3.14315%6227164465E-4
3.1431596227164465E-4
6.2B6319245432893E-4
B.9984284281 8864118

NODE: D : Content Categories
3.9934346024841953E-5
3.9934346024041953E-5
3.9934346024041953E-5
3.9924346024841253E-5
4.7921215228858344E-5
1.597373840961678E-5
1.59737384R%61678E-5
3.194747681923356E-5
3.1924747681923356E-5
3.194747681923356E-5
6.38%9495363846713E-5
B.1999201 3130795191
B.19992813138795191
B3.5927683937238558

PCT/1B02/02645



WO 03/007101

FIG. 22

22/23

Initiating lugin -

Binding name: javaicompsenvseibsHodeBean®

mesnxfe liefs = MODE: A

Engineexr
Hathematician
Computerfcientist
SoftwareEngineer
BaskethallFlayer

waamxnxBe liefz = MODE:
GraphTheory

ProbStats
MHachinelearning
NeuralMetuworks
Algorithms

BasketBall

wunsxwnBeliefs ¢ HODE:
Pathl
Path2
Pathd
Path4
Pathh

wxunnxPeliefs = NODE:
EngfndScience
Mathematics
GraphTheory
ProbAndStats
g?mputersﬂndlntepnet
MachineLearning

NH

Programming
SoftwareEngineering
filgorithms
Generallnterest
SportAndAde
BasketBall

swwmadxBe liefs = NODE: E

Informative
HotInformative

wuxnxmwxfe liefs » HODE: F

BayeszianNetworks
Hdordan{Professord
MJordan{Baskethall)

wmsoenxBeliefs @ NODE: G

True
False

sexxxxxxBe liefs @ MODE: H

JudeaPearl
MJordan{Professor?
MdJoprdan{BasketBall>
OtherPage

@R
Ida =

User Profile

a.125
4.25
B.25
8.125

Interest Category
@.1325

@.14375
3.12625
7. 213758080086AABO2Z
7.2137500BRRRBARAAZ
B.169929999929999998

Hyperlink Paths
B.1
8.1

Content Categories
A.64999999999999992%
8.B84999999999992999%
8.84999999299999999%
@.849999999999299999
A.06
B.@2
a.62
a.64
A.84
B.64
a.88
8.09999999999999298
A.87999999999999998
B.29999999999992993

fidvertisements

B.7
8.3

Page

B.23781°79211811432
B.278288577898186
B.4832735089 206788

Buy

1]
8.3418152476437632
B.658784752356H8368

Next Page

|
8.19M4258702397247
B.168354838%919771
4. 5569745485288156E-4
B.6337476765291985

PCT/IB02/02645



WO 03/007101

FIG. 23

PCT/IB02/02645

23/23

PERSOMALIBE AGEMCY

BICAWINNT \System32\cmd.ere -

lleb Page Perszonalization

Content categories that will most probably be of interest
cinferred from uzer profiled:

MachineLearn ing
:Heuvalﬂetwnrks

%Gnntent categories that will most probably be of dinterest
Cinferred from hyperlink

9999?9999?6 ]

ke wx ax
®

a xx
P e Dot ke 3 D

:aﬁlﬁﬁi-b-hh
@BEEE'{!
NHNNM ‘-l'."

99?99999999999 “

path traversaly:

;EngﬁndSclence

[CanputersAndInternet
il
iMachineLearning

[ Progr-amming
ISoftwareEngineering
A lgorithns
IGenerallnterest

8. 231734 B4376 7235
:8.931734184376735
B.2317341 84376735
:B.9317341 84376735

:4 . BE7163584842563
4.6887163584A42563
11.11VAR L9673 »
?.145387283501387 »
7.1453872R35A1LIB? «
i «29BF74567B82TVE »
i.
3.

LHHNNRKN

R335A79386368906
B33LAVI3B6I6ERA6 X
1885238152168672 =




	Abstract
	Bibliographic
	Description
	Claims
	Drawings

